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The session looks at a major issue that underlies many omics datasets, viz. batch effects. Batch effects 
are technical biases that may confound analysis of omics data. They are very complex and effective 
mitigation is highly context dependent. Do they affect identification of discriminating/causal factors 
when we analyze patient datasets? Do prediction models (constructed on training datasets) work well 
on future patients? How do you mitigate batch effects?  

Session Plan 

Part I, What batch effects are and how they affect biomedical data analysis and model building. 

Suggested readings:  

• Leek et al., “Tackling the widespread and critical impact of batch effects in high-throughput 
data”, Nat. Rev. Genet., 11(10):733-739, 2010 

Part II, How batch effects can be measured. How do you know they are big enough to worry over? 

Suggested readings:  

• kBET (Buttner et al., “A test metric for assessing single-cell RNA-seq batch corrections”, Nat. 
Methods, 16:43-49, 2019) 

• PCA side-by-side boxplot (Goh & Wong, “Protein complex-based analysis is resistant to the 
obfuscating consequences of batch effects – a case study in clinical proteomics”, BMC Genomics, 
18:142, 2017) 

Part III, Normalization methods and batch effect-correction methods. What are these and what are 
their important differences?  

Suggested readings: 

• Common normalization methods such as linear scaling, quantile normalization, z-score 
transformation, and specialized methods such as GFS (Belorkar & Wong, “GFS: Fuzzy 
preprocessing for effective gene expression analysis”, BMC Bioinformatics, 17(Suppl 17):540, 
2016) 



• Some popular batch effect-correction methods are ComBat (Johnson et al., “Adjusting batch 
effects in microarray expression data using empirical Bayes methods”, Biostatistics, 8:118-127, 
2007), Harman (Otyam et al., “Risk-conscious correction of batch effects: Maximising 
information extraction from high-throughput genomics datasets”, BMC Bioinformatics, 17:332, 
2016), SVA (Leek & Storey, “Capturing heterogeneity in gene expression studies by surrogate 
variable analysis”, PLoS Genet, 3:1724-1735, 2007), and Batch mean centering (Sim et al., “The 
removal of multiplicative, systematic bias allows integration of breast cancer gene expression 
datasets – improving meta-analysis and prediction of prognosis”, BMC Med. Genomics, 1:42, 
2008) 

Part IV, How should a normalization method be applied when there are multiple classes and batches? 

Suggested readings: 

• Zhao et al., “How to do quantile normalization correctly for gene expression data analysis”, 
Scientific Reports, 10:15534, 2020 

Part V, How do normalization methods interact with batch effects and batch effect-correction 
methods 

Suggested readings: 

• Zhou et al., “Examining the practical limits of batch effect-correction algorithms: When should 
you care about batch effects?”, J Genet. Genomics, 46:433-443, 2019. 

Part VI, If a dataset has lots of missing values and also batch effects, what happens and what 
can/should you do? 

Suggested readings: 

• Some missing value-imputation methods (imputation by global mean, same-batch mean, 
nearest neighbours, etc.) 

• Voss et al., “HarmonizR enables data harmonization across independent proteomic datasets 
with appropriate handling of missing values”, Nat. Comm., 13: 3523, 2022 

• Sun & Goh, “Why batch sensitization is important for missing value imputation”, 
https://doi.org/10.21203/rs.3.rs-1328989/v1  

https://doi.org/10.21203/rs.3.rs-1328989/v1
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Outline: The session looks at a major issue that underlies many omics datasets, viz. batch effects. Batch effects are technical biases that may 
confound analysis of omics data. They are very complex and effective mitigation is highly context dependent. Do they affect identification of 
discriminating/causal factors when we analyze patient datasets? Do prediction models (constructed on training datasets) work well on future 
patients? How do you mitigate batch effects? 
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What batch effects are
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Batch effects
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Batch effects 
Unwanted non-biological variations due to processing time, reagent 
batch, handlers, etc.

Batch-class imbalance 
One class forms a large fraction of a batch and another class forms 
a large fraction of another batch
In this situation, batch effects tend to be badly confounded with 
biological effects
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Childhood leukemia patients
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Samples from 
diff batches are 
grouped 
together, 
regardless of 
subtypes and 
treatment 
response

Image credit: Difeng Dong’s PhD dissertation, 2011
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Peripheral blood mononuclear cells (PBMC)
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Cell type

Bat1B

Bat2B

Bat3mono

Bat4T

Bat5mono

Bat6T

Bat7mono

Batch

B CD20+
B CD20+ pert.
DC
DC plasmacytoid
HSPC
Megakaryocyte
Monocyte CD14+
Monocyte CD14+ pert.
Monocyte CD16+
Monocyte progenitor

NK
Plasma cell
T CD4+ naïve
T CD4+ naïve pert.
T CD4+ mem
T CD8+ naive
T CD8+ eff

Yong et al., Blood, 138(S1):2954, 2021
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Exercise 

Intentionally left blank

Do batch effects 
affect data analysis 
and model 
building?
In what ways?
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Exercise 

What makes batch-
label randomization 
a valid control?

7

Intentionally left blank
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How batch effects are 
“measured”
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Paired boxplots of PCs
Goh & Wong, BMC Genomics, 18:142, 2017
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PCA scatter plot is often used for 
visualizing batch effects

But it is easier to see which PC is 
enriched in batch effects by 
showing, side by side, the 
distribution of values of each PC 
stratified by class and by batch 
variables
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kBET
Buttner et al., Nature Methods, 16:43-49, 2019
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χ2 test the local batch 
distribution against the 

global batch distribution

For high-dimensional data, 
the authors recommend to 
do PCA, retain the top 50 
PCs, then run kBET on the 

reduced data
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Exercise 
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What is good/bad about paired boxplots of PCs?

What is good/bad about kBET?

E.g., what if class or batch proportions are imbalanced? What if 
some classes appear only in some batches?

Suggest how to improve either of the above for quantifying batch 
effects, or suggest a totally different approach
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Normalization & 
batch-effect correction
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Normalization vs batch-effect correction 
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Normalization
Put data into the same scale
e.g., linear scaling, z-score, quantile normalization, GFS

Batch-effect correction
Remove batch effects
e.g., Combat, Harman, surrogate variable analysis, batch mean 
centering, GFS
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Exercise 
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Does quantile 
normalization 
remove batch 
effects?

Does it make it 
easier to identify 
differentially 
expressed 
genes?
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Exercise 
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Look up batch mean centering (BMC)

Does it remove additive batch effects well?

Does it remove multiplicative batch effects well?
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When class & 
batch are balanced
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Normalization methods (e.g., 
quantile) do not remove batch 
effects

But they still easily separate 
the classes

Zhou et al., J Genet & Genom, 46:433-443, 2019
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When class & batch 
are imbalanced, i.e., 
when one batch is 
dominated by one 
class
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The situation deteriorates 
quickly …

Zhou et al., J Genet & Genom, 46:433-443, 2019
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Impact on feature selection

18Zhou et al., J Genet & Genom, 46:433-443, 2019
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Missing values & 
batch effects
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Some omics data have lots of missing 
values (proteomics MS, scRNA-seq, etc.)

20Guo et al. Nature Medicine, 21, 407, 2015



Wong Limsoon, Lectures for BS6213, Jan & Feb 2023

Common missing-value imputation methods
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Impute based on the mean 
value of the corresponding 
feature

Determine highly correlated 
variables, impute by regression

Impute based on the mean of k 
nearest neighbours

Hmm… this 78-yr-old is 
as fit as a 42-yr-old?

Image credit: Kacper Kubara
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Exercise 
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You have two batches with lots of missing values

Do you normalize / remove batch effects first, or do you impute 
missing values first?

Do you combine the two batches and do missing-value 
imputation on the combined data, or do you do missing-value 
imputation on the two batches separately?



Wong Limsoon, Lectures for BS6213, Jan & Feb 2023

Why batch-sensitization is impt for 
missing-value imputation
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Intentionally left blank

Sun & Goh, https://doi.org/10.21203/rs.3.rs-1328989/v1
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HarmonizR
Voss et al., Nature Communications, 13:3523, 2022
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Combined data into one matrix
Extract submatrices w/ few missing values
Batch correct each submatrix
Put them back together
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Summary
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Batch effects are insidious and unavoidable in omics data

Batch-effect correction can introduce artifacts into data

Missing values are prevalent in some omics data types (e.g., 
proteomics MS and scRNA-seq)

Missing-value imputation in the presence of batch effects is tricky

Batch-effect correction in the presence of missing values is tricky
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