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Objectives
Gene expression data is typically collected or processed in
different groups or batches.
As a community, computational biologists have long
recognized that proper analysis of this data relies on
correcting for systematic differences in experimental
settings, usually referred to as ”batch effects”.

Current batch correction methods do not account for
differences in co-expression between batches. This can lead to
biased results in important applications, including:
• (differential) gene co-expression analysis,
• gene regulatory network (GRN) inference.

Contributions:
➜ We show the existence of residual batch effects in gene

co-expression data after standard batch correction.
➜ We present a new batch correction method to

effectively identify and remove these spurious residual
differences.
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The method

COBRA = CO-expressionBatchReductionAdjustment integrates a design matrix X to solve

Ψ̂ yields a decompostion of C with a component for every covariate in X .

Goal Design matrix Output
Column 0: intercept

Batch corrected case/control comparison Column 1: 0 for control, 1 for case C1
Columns 2...K: Batch and covariates

Batch correction Column 0: intercept
& Columns 1...K: covariates of interest Ck for k ∈ [K]

covariate-specific co-expression

Improved co-expression estimates in-silico

➜ Generated in-silico data with known true differential co-expression and batch differential
co-expression.

✮ COBRA is able to discriminate real effects from batch effects, allowing effective batch
correction for differential co-expression analysis.

✮ Interpretation: Ψ̂i,j is the additional contribution of the i−th eigenvector for a one unit
increase of the j−th covariate.

Correction of batch effects in ENCODE

➜ Since the differences between groups are induced by batch, we expect not to see group-specific
differential co-expression.

✮ COBRA substantially reduces differential co-expression, vastly improving on other methods.
✮ COBRA is more stable across measurement proportions from each lab ⇒ more robust estimates.

Analysis of co-expression modules in thyroid cancer

➜ Applied COBRA to thyroid cancer data from TCGA (controlling for sex, race, stage, batch, and
age) and performed GO/ KEGG GSEA on WGCNA modules.

✮ COBRA finds more fine-grained community structures and facilitates the discovery of
biologically meaningful pathways.

✮ COBRA is not limited to gene co-expression, but it can be effectively applied to partial
correlation networks or as pre-processing of GRN inference.


