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Advancement of research measuring batch effects of single cell RNA transcriptome data
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Abstract ; Single cell RNA sequencing has emerged as a transformative technology to characterize complex tissues at
unprecedented high resolution and answered questions that could not be addressed using traditional bulk RNA
sequencing. However, the high complexity and huge data volume of single cell RNA sequencing data presents novel
challenges to data analysis, one of which is how to deal with batch effects. Batch effects are technical biases that
may cofound results of analyses of high throughput biological data. Meanwhile, the sources of batch effect are
complex and the mitigation of batch effect is highly context-dependent. Different processing pipelines including
evaluation, analysis, measurement and mitigation are performed, depending on tissue type, sequencing technology,
experimental design and so on. The need to measure baich effects is more prone to be neglected in analyses of single
cell data. However, measuring batch effects can help identify the source of the baich effects, their proportion of
data variation explained and their impact on data analysis and the choice of methods of mitigation, enabling
effective handling of the batch effects. Therefore, this review is primarily concerned with batch effects in single cell
RNA data, addressing the concepts of batch effects, differences between the handlings of batch effects in single cell
RNA data and bulk RNA data, methods of measuring batch effects and major challenges at present. Finally, the
future advancement in batch effects measurement is discussed.
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