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Batch effects

Batch effects

Unwanted non-biological variations due to processing time, reagent
batch, handlers, efc.

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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Figure 3 | Batch effects also change the correlations between genes. We normalized every gene
in the second gene expression data set”in TABLE 1 to mean 0, variance 1 within each batch. (The 2006
batch was omitted owing to small sample size.) We identified all significant correlations (p < 0.05)
between pairs of genes within each batch using a linear model. We looked at genes that showed a
significant correlation in two batches and counted the fraction of times that the correlation changed
between the two batches. A large percentage of significant correlations reversed signs across batches,
suggesting that the correlation structure between genes changes substantially across batches. To
confirm this phenomenon is due to batch, we repeated the process — looking for significant correla-
tions that changed sign across batches — but with the batch labels randomly permuted. With random
batches, a much smaller fraction of significant correlations change signs. This suggests that correlation
patterns differ by batch, which would affect rank-based prediction methods aswell as system biology
approaches that rely on between-gene correlation to estimate pathways.
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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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Sometimes it is not easy to decide
which PC is enriched in batch effects
using the standard PCA scatter plot

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
suspected batch variables
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kBET

Buttner et al., Nature Methods, 16:43-49, 2019
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|Exercise

What is good/bad about paired boxplots of PCs?
What is good/bad about kBET?

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

Project: 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

Normalization
Put data into the same scale
e.q., linear scaling, z-score, quantile normalization, GFS

Batch-effect correction
Remove batch effects

e.qg., Combat, Harman, surrogate variable analysis, batch mean
centering, GFS

12
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Does quantile
normalization
remove batch
effects?

Does it make
it easier to
identify
differentially
expressed
genes”?

Because each sample has the exact same set of ranked means (same
set of numbers), they will have the exact same distribution. But that
is n0|t the same as having removed technical variation. Let's say we
have sample 1 and 2 with two genes, A and B. Let’s also introduce a
technical bias to sample 2, and call it C. Let’s assume a matrix (M),
where the row and the column correspond to gene and sample,
respectively.

10 10C
M= { 100 100c}

In QN, the first step is to rank the variables. Let’s assume that A
and B are already ranked, and B is 10x that of A. Next, we calculate
an average for those variables occupying the same rank.

So for gene A, the average is (10 + 10C)/2. And for gene B, the
average is (100 + 1000)/2. We then return these values back to the
data matrix such that

(10 + 10C)/2 (10 +10C)/2

M= (100 + 100C)/2 (100 + 100C) /2

The technical effect C contributes directly to the ranked means
after quantile normalization. If C is large, its contribution to the
means will increase dramatically. It is part of the equation and ever
present. In other words, QN does not remove BEs.

Zhou et al., ) Genet & Genom, 46:433-443, 2019
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|Exercise

Describe batch mean centering (BMC)

Does it remove additive batch effects well?

14



When class &
batch are balanced

Can you see normalization methods (e.g.

quantile) do not remove batch effects?

But they still easily separate the classes

Wong Limsoon, CS6222, AY 2023/24
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The situation
deteriorates
quickly when class
& batch are
Imbalanced, i.e.
when one batch is

dominated by one
class

Wong Limsoon, CS6222, AY 2023/24
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Impact on feature selection
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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.)
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26 Qouss3 HACL1  417999.9306 NA 435248.4 NA 336790.8 227161.7 1804.538 174111.8 276628.6 NA 274264.6 NA 317227.1 2719204 336790.8 NA NA 372485.6 446678.9 NA 390317.5 NA 307205 211073.8 2064.747 169817.6 333342.7

27 Q8WUM4 PDCD6IP 50008.50556 34991.44 70504.27 50108.55 59047.33 41611.18 84319.78 97140.59 56715.96 134561.7 52110.31 61553.77 67555.47 65262.99 68597.03 59827.38 73200.35 75049.44 64108.37 40359.89 70903.29 49636.31 49821.32 37258.59 76579.02 76685.11 37386.23
28 P53597 SUCLG1 387432.1583 99433.59 228946.3 94932.09 310472.5 150524.5 187002.3 299487.5 275420.7 308775.7 299487.5 101732.7 245595.9 108554.7 270810.9 89524.72 192915.6 276628.6 357417.6 967379 205171.6 95793.82 288001.8 162300.5 193664.8 2994875 245585.9

23 000186 STXBP3 NA 28468.21 NA NA NA 19019.68 1804.538 NA NA NA NA 21943.83 NA NA NA NA NA NA 15575.29 29005.53 NA NA NA NA 2064.747 NA NA
E Q8N335 GPDIL  52415.71111 NA 59328.51 NA 54240.61 21949.83 109838.9 91466.47 45427.61 109273.7 50443.03 NA 52700.48 22321.01 45502.32 NA 57623.34 41362.6 54737.36 NA 62380.69 I NA .I 54839  23827.06 152627.3 71658.52 49636.31
31 P08621 SNRNP70  48594.65 51791.05 47265.07 86082.28 44306.32 53026.19 1804.538 NA 58432.1 54839  49636.31 60605.33 52477.21 NA NA 72977.35 74546.25 82242.07 33003.64 60605.33 49636.31 93224.91 NA 56917.54 2064.747 NA 50797.63
32 Q969V6  MKL1 NA 91325.89 55954.92 NA 74269.09 80102.57 1804.538 NA 71906.43 NA NA 152627.3 724975 72497.5 89662.88 51690.71 68707.95 41576.85 72021.55 92973.3 NA NA NA 88304.66 2064.747 NA NA
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Common missing-value imputation methods
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Image credit: Kacper Kubara 21
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|Exercise

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?
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Why batch-sensitization is impt for

missing-value imputation

RMSE for Simulated Data with Global Additive + Multiplicative Batch Effects (10x)
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M1: Global mean imputation. M2: Same-batch mean imputation. M3: Cross-batch mean imputation.
For M1, M2, and M3 “batch corrected”, the batch correction was performed post mean imputation.

Wong Limsoon, CS6222, AY 2023/24 Sun & Goh, https://doi.org/10.21203/rs.3.rs-1328989/v1
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HarmonizR
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Fig. 1 The general HarmonizR operation principle. Schematic representation of the HarmonizR operation principle for batch effect reduction across
independent proteomic studies.
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Summary

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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