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Single-cell RNA-seq
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The data
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Dropout, overdispersion...

High-magnitude
outlier

4 Overdispersion

Log,,(RPM) in cell 1

Dropout events
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Kharchenko et al., 2014



Challenges

Normalize for sequencing depth?

Remove unwanted variations? (batches, cell
cycle, GC content, ...)

Distances between transcription profiles?
Clustering / Visualization?

Differential expression?



Standard approach

 Massage the matrix

—Y_ij =log(count_ij + 1) * size factor

— Sometimes full quantile normalization
* Dimension reduction

—PCAonY
— Keep around 50 dimensions

* Nonlinear embedding (t-SNE), clustering, ...



Dimension reduction (PCA/SVD)
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Including known covariates (RUV)

known sample-level covariates known gene-level covariates unknown factors of interest
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Observed Unknown Unknown Observed Unobserved Unknown
Random Parameter Parameter Random Random Parameter
Variable Variable Variable

X intercept acts as a scaling factor V intercept acts as a normalization factor

Jacob et al. (2013), Gagnon-Bartsch et al. (2013), Risso et al. (2014)



How to adapt PCA/SVD/RUV
to scRNA-seq data?

EBY|=XB+Vy+Wa

- discrete, non-Gaussian data
- dropouts
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ZIFA: Dimensionality reduction for L | ntere Sti ng

zero-inflated single-cell gene expression

analysis model
/Z =Wa+e
v _ <(O with probability exp(—AZ7)
N \ Z;; otherwise
But:

* Models continuous data (log(count+1))
* Dropout probability as a fixed function of expression level



ZINB distribution to model a count

« Zero-Inflated Negative Binomial »
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ZINB-WaVE model
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Usage

* X:
—(1,...,1) for gene-specific offset
— Batch effects, quality control
— Experimental design
eV
—(1,...,1) for cell-specific offset (size factor)
— GC content, ...

* W,alpha: cell cycle, clusters, ... (like PCA)



Fitting the model
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Fitting the model

max {5(5,’7, W,CV,C) —Peﬂ(ﬁ,’}/,W,&,C)}
B,y W,a,(

* |nitialization
— Uncouple mu and pi
* |terate until convergence optimization of:
— Dispersion (zeta)
— Left factors (gamma, W)
— Right factors (beta, alpha)
— Orthogonalization (W, alpha)
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Glioblastoma data
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Less correlated with technical effects
Better clusters cells by patient



mMESC data: decreasing batch effect

ClusterByMethod
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3 cultures media, 2 batches. Add batch as covariate

AverageSilhouette



Simulations: *
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Simulation: cluster recovery
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On a recent iMac, 16GB of RAM, using 7 cores



Try it!

e https://github.com/drisso/zinbwave

e http://biorxiv.org/content/early/
2017/04/06/125112

‘R

install github("drisso/zinbwave")

library(devtools)



Conclusion

* A model:
— Using ZINB distribution to model zero-inflated counts

— With linear structure to include gene- or cell-specific
covariates

— And low-dimensional signal inferred automatically
* Fitting the model works on simulations

* On real data, better captures clustering than PCA
or ZIFA

* Less correlated with batch / unwanted variations



