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Background

- Arfifacts are common in data generated by high-
throughput technologies

- Why do we caree

- Identifying and preventing artifacts will help better discover
true signals



Goal

- 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



Common sources of artifacts
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Artifacts due to study design
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Example: Batch effects
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Example: Batch effects
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Batch effects: differential expression

A differential gene
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Batch effects: differential expression

A non-differential gene
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Batch effects

PNAS

ARTICLES Vv FRONT MATTER AUTHORS WV TOPICS +
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Clarifying the effect of library batch on
extracellular RNA sequencing

Christopher Hartl and Yuan Gao & Authors Info & Affiliations

January 21,2020 117(4)1849-1850 = https://doi.org/10.1073/pnas.1916312117

Reanalysis of the raw data demonstrated a perfect confound between read length and cancer

status (50 base pairs [bp] for both cancer cohorts, 75 bp for normal). Raw expression principal

components PCT and PC2, which separate cancer from normal samples, highly correlate to

D). Based on these observations, it seems that serum from individuals with cancer was

processed separately from serum from individuals without cancer, creating a perfect confound

between library batch, sequencing batch, and status. Since many standard RNA sequencing



How to prevent ariifacts due to batches?

- Proper control and randomization

Batchl Batchl
Batch?2 \ v Batch? v \

- 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 identify batch artifacts?
- Review the study design

- Exploratory plots
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How to correct for batch effects?

- With proper design: regress out confounders
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How to correct for batch effects?

- With proper design: regress out confounders
. ComBart (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



Remarks

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

- Other confounders may also create artifacts

- They offen can be dealt with by following the same
principles



Artifacts created during data generation
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Example 1: Doublets in single-cell RNA-seq
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McGinnis et al. Cell Systems. 8: 329-337, 2019

Authors

Christopher S. McGinnis,
Lyndsay M. Murrow, Zev J. Gartner

Correspondence
zev.gartner@ucsf.edu

In Brief

scRNA-seq data interpretation is
confounded by technical artifacts known
as doublets—single-cell transcriptome
data representing more than one cell.
Moreover, scRNA-seq cellular
throughput is purposefully limited to
minimize doublet formation rates. By
identifying cells sharing expression
features with simulated doublets,
DoubletFinder detects many real
doublets and mitigates these two
limitations.



Example 1: Doublets in single-cell RNA-seq

Cell Systems
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Example 2: Artifacts due to tissue dissociation
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Example 2: Artifacts due to tissue dissociation
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Example 2: Artifacts due to tissue dissociation

HSPAT1A expression
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Zhang, Caushi, Pardoll, Smith, et al.



Example 2: Artifacts due to tissue dissociation

HSPATA only expresses in solid tissue samples but not in PBMC
(PBMC is handled without using dissociation enzyme)
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How to deal with artifacts due to data
generation?

Build knowledge
- Understand the data generation process
. Compare results from orthogonal data
- Analyze many datasets and find recurring patterns

Develop solution
- Improve experimental fechnologies
- Develop computational algorithms for artifact detection
and removal
. Spike-in experiments for benchmark

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



Artifacts due to data analysis
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Example 1: scRNA-seq differential expression
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Example 1: scRNA-seq differential expression
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Example 1: scRNA-seq differential
pseudotemporal expression
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Example 1: scRNA-seq differential
pseudotemporal expression
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Example 2: Chromatin accessibility locus effects

GM12878 scATAC-seq vs.
GM12878 bulk DNase-seq
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Example 2: Chromatin accessibility locus effects
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How to prevent and identify artifacts due
to data analysis?
- 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



Summary: common sources of artifacts
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General principles and common methods for
preventing, identifying and removing artifacts

- 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
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