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unique in its composition, covering a range of different cell types

and experimental protocols (see STAR Methods and Table S1).



BASiCS model appears to underestimate di for lowly expressed

genes when the sample size is small (with respect to the param-

eter estimates obtained based on the full dataset of 939 cells). In

contrast, the shrinkage introduced by our regression BASiCS

model aids parameter estimation, leading to robust estimates

even for the smallest sample size. This is particularly important

for rare cell populations where large sample sizes are difficult

to obtain. A similar effect is observed for genes with medium

and high expression levels, where the non-regression BASiCS

model appears to overestimate di. We also observe that esti-

mates of residual over-dispersion parameters e



integration approach is based on experimental designs where

cells from a population are randomly allocated to multiple

independent experimental replicates (here referred to as

‘‘batches’’). In such an experimental design, the no-spikes im-

plementation of BASiCS assumes that biological effects are

shared across batches and that technical variation will be re-

flected by spurious differences. As shown in Figures 4C and

4D, posterior inference under the no-spikes BASiCS model

closely matches the original implementation for datasets where

spike-ins and batches are available. Technical details about the

no-spikes implementation of BASiCS are discussed in STAR

Methods and Figure S4.

Expression Variability Dynamics during Immune
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focus on samples collected 2, 4, and 7 days post malaria infec-

tion, for which more than 50 cells are available.

To study global changes in over-dispersion along the differen-

tiation time course, we first compared posterior estimates for the

gene-specific parameter di, focusing on genes for which mean

expression does not change (see Figure 6A and STAR Methods).

This analysis suggests that the expression of these genes is

most tightly regulated at day 4, when cells are in a highly prolif-



a broader applicability of the BASiCS software and allow statis-

tical testing of changes in variability that are not confounded by

technical noise or mean expression.

In general, stable gene-specific variability estimates ideally



divergence of Th1 and Tfh differentiation was previously iden-

tified (Lönnberg et al., 2017). This decrease in variability on

day 4 is potentially due to the induction of a strong pan-lineage

proliferation program. However, we observe that not all genes

follow this trend and uncover four different patterns of vari-

ability changes. Second, we observe that several Tfh and

Th1 lineage-associated genes change in expression variability
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level. However, the well known confounding effect between mean and variability that typically arises in scRNA-seq datasets (Bren-

necke et al., 2013) can preclude a meaningful interpretation of these results.

Modeling the Confounding between Mean and Dispersion
Here, we extend BASiCS to account for the confounding effect described above. For this purpose, we estimate the relationship

between mean and over-dispersion parameters by introducing the following joint prior distribution for ðmi; i







In both cases, the posterior probability threshold aR is chosen to control the expected false discovery rate (EFDR) (Newton et al.,

2004
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where 1q�2 denotes a (q�2) -dimensional vector of ones.
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Implementation
Bayesian inference is implemented using an adaptive Metropolis within Gibbs algorithm (Roberts and Rosenthal, 2009). After inte-

grating out the random effects rijk , the full conditionals required for this implementation are based on the following likelihood function:2
664Yq
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Dictyostelium Cells
Antolovi�c et al. (2017) studied changes in expression variability between 0 hours (undifferentiated), 3 hours and 6 hours of

Dictyostelium differentiation. Raw data is available by direct download (see Data S1 in Antolovi�c et al., 2017). Across all time-points,

5 cells were removed due to low quality. Technical spike-in genes that were not detected and biological genes with an average

expression (across all cells) smaller than 1 count were removed. In total, 433 cells (131 cells and 3 batches at 0h, 157 cells and 3



Functional Annotation Analysis
We performed functional annotation analysis using DAVID version 6.8 (Dennis et al., 2003). All genes considered for differential testing

were used as background. The functional annotation clustering function in DAVID was used to cluster annotation categories based

on similarity and to sort them according to their enrichment score.

Stabilization of Posterior Inference for Small Sample Sizes
To compare parameter estimates of the regression and non-regression model across different sample sizes, we used the CA1

pyramidal neuron population from Zeisel et al. (2015). The regression BASiCS model was first run on the full population of 939 cells

to generate pseudo ground truth parameter estimates. Subsequently, 50, 100, 150, 200, 250, 300 and 500 cells were randomly sub-

sampled from the full population prior to parameter estimation. This procedure was repeated 10 times for each sample size. Based on

parameter estimates using the non-regression model, we split the genes into three sets: lowly expressed ðmi<1:89Þ, medium ex-

pressed ð1:89<mi<5:37Þ and highly expressed ðmi>5:37Þ. These cut-off values were chosen such that a third of genes classifies

into each category. We dissected the results of this experiment in three ways. First, we visualize boxplots showing all estimates

of gene-specific parameters for a single sub-sampling experiment (Figure 3). Second, we computed the log2 fold change for esti-

mates of gene-specific over-dispersion parameters di between the regression and non-regression BASiCS models (Figures S3A–

S3C). Third, for each sub-sampling experiment, sample size and gene set, we computed the median log2 fold change in mi and di
and the median difference for ei between estimates and the pseudo ground truth. The median and the range of these values across

10 sub-sampling experiment is used for visualization purposes (see Figure S3D–S3F).

External validation for posterior estimates of gene-specific model parameters was obtained using matched scRNA-seq and

smFISH data of mouse embryonic stem cells grown in 2i and serum media (see Table S1 and Gr€un et al., 2014). As in Brennecke

et al. (2013)



http://bioconductor.org
http://github.com/MarioniLab/RegressionBASiCS2017
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