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Single-cell	RNA-seq

Multiple	sources	of	variation	between	cells	
– Variation	of	interest:	differentiation,	intra-

tumoural	heterogeneity	
– Confounding	variation:	cell	cycle/size,	apoptosis	
– Technical	noise:	drop-out	effects,	batch	effects
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Figure 1: , The observed expression profile of differentiation marker genes is the result of cell-
cycle effects, technical noise, the differentiation process of interest and other, confounding 
sources of variation (e.g. apoptosis)

Expression	variability	is	caused	by	the	interplay	of	
multiple	latent	processes	

Buettner	et	al,	Nature	Biotech,	2015



A versatile factor model to understand 
single-cell transcriptome variability

§ Sparse factor analysis model untangling sources of variation for 
scRNA-seq in interpretable components 
§ Use prior gene sets to infer  

interpretable factors
§ Explicit modelling of unannotated factors (confounding) 
§ Refine gene set annotations 
§ Accounting for scRNA-seq noise 
§ Computational efficiency & scalability to larget datasets



A factorial model for single-cell RNA-seq
ESC development on single-cell level

[Guo et al., Dev Cell 18, 2010]

unequivocally reveals the three cell types known to exist at this
stage (Figure 1A). Ninety-five cells (60%) were highly enriched
in TE-specific markers such as Cdx2 and Krt8. Forty cells

(25%) were specifically enriched in the PE markers Gata4 and
Pdgfra, and eighteen cells (11%) were specifically enriched in
EPI-restricted genes including Nanog and Sox2. Interestingly,
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Figure 1. Three Molecularly Defined Populations at the !64-Cell Stage
(A) A heat map of expression levels for 48 genes (see also Figure S1 and Table S2 for how these were selected) from 159 individual cells collected from !64-cell

stage blastocyst. Cells are defined as trophectoderm (TE), epiblast (EPI), and primitive endoderm (PE) based on their expression of known markers Cdx2, Nanog,

and Gata4, respectively. The asterisk (*) marks five transitional cells with PE and EPI expression characteristics.

(B) Principal component (PC) projections of the 159!64-cell stage cells colored according to their embryo of origin. Encircled by a dashed line are the same five

cells marked by an asterisk in (A).

(C) PC projections of the 48 genes, showing the contribution of each gene to the first two PCs. The first PC can be interpreted as discriminating between TE and

ICM; the second between PE and EPI. The position of endogenous control genes Actb (blue) and Gapdh (red) are shown.
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A factorial model for single-cell RNA-seq

§ Modelling factor annotations
p(Ing,k = 1 | zg,k = 1) =

Bernoulli(Ig,k = 1 |TPR)

p(Ing,k = 1 | zg,k = 1) =

Bernoulli(Ig,k = 1 |TPR)

§ A hurdle noise model to account 
for dropout events (e.g. Finak et 
al. 2015)

P (yng|fng) =
(

1

1+exp(fng)
if yng = 0

N (fng , �2

g) otherwise

Ing,k

wg,k

�2
k

zg,k

 n,gyn,g

xn,k

n=1…N g=1…G

k=1…K
fn,g

§ ARD relevance prior on factors

p(�2
k) = Gamma(�2

k | a, b)
p(wg,k |�2

k) = N (wg,k | 0,�2
k)



Compute time using 8 cores, fitting 100 factors.

Scalability inference

§ Factorised variational Bayes, retaining the coupling of the 
sparsity indicator and and factor weights q(wg,k, zg,k)



Model validation I: determining expression drivers
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Simulated based on randomly selected Reactome terms.
Classical (sparse) factor analysis models require post-hoc annotation of factors; here using a competitive enrichment test.
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Figure 2 | Model validation using cycling mouse ES cells. Application of f-scLVM 
to 182 mouse ES cells, experimentally staged for the cell cycle. (a) Bivariate 
visualization of the cells using the G2M checkpoint and P53 pathway factors. The 
inferred G2M checkpoint factor discriminates cells in G2/M phase from the remaining 
cell population. (b) Weights for the most important genes in the P53 pathways and 
G2M checkpoint factors, showing both genes that were pre-annotated by MSIGDB 
(black), and genes added by the model (red).  
 

 
Figure 3 | Model validation using simulated data. (a,b) Accuracy of f-scLVM and 
alternative methods for recovering the set of simulated drivers of gene expression 
heterogeneity. (a) Receiver operating characteristics (ROC) pooled across different 
simulated datasets (see Additional File 1: Supp. Table 1). (b) Area under the ROC 
curve (AUC) when simulating an increasing number of unannotated factors not 
included in the pathway database (left), and when considering increasing overlap 
between simulated gene sets (right). (c) Ability of f-scLVM to augment gene sets 
when an increasing proportion of genes in the annotation were falsely assigned. 
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Model validation II: refining factor annotations
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Use case I: Identifying drivers of expression 
variability

§ To test our model, we used single-cell RNA-Seq data generated 
from ~300 ES cells collected at different stages of the cell cycle

§ factorial scLVM automatically discovers the presence of cell cycle 

molecular signature
database (MSigDB)
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Use case I: Identifying drivers of expression 
variability

§ To test our model, we used single-cell RNA-Seq data generated 
from ~300 ES cells collected at different stages of the cell cycle
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Use case II: Gene set completion
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Use case II: Gene set completion

§ To further illustrate the ability of our model to complete gene 
sets, we applied it to 3,005 neurons, classified in 7 subtypes 
(Zeisel et al. 2015)



Gene set completion - neurons
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Use case III: Removing unwanted variation

Macosko et al, Cell, 2015

§ Application to 45,000 retina cells profiled using Drop-seq
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Use case III: Removing unwanted variation

Macosko et al, Cell, 2015

§ Application to 45,000 retina cells profiled using Drop-seq
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What are the inferred unannotated factors ? 
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Supplementary Figure 9 | Associations between inferred unannotated 
dense factors and technical covariates. (a) Left: Correlation coefficients 
beween unannotaed dense factors inferred by f-scLVM and technical 
covariates across different scRNA-seq datasets. Right: Cumulative variance 
explained when considering all available technical covariates. Unannotated 
factors were frequently associated with covariates with known relevance for 
scRNA-seq, including the number of reads mapped to spike-ins (sumERCC), 
ERCC-derived size factor (sfERCC), PC1 derived from ERCC spike-ins 
(PC1ERCC), the number of expressed genes/cellular detection rate 
(nExpressed), the total number of mapped reads (sumTotal) and DE-seq size 
factor derived from reads mapped to endogenous genes (sfMmus). (b) 
Cumulative proportion of variance explained by all unannotated factors for 
individual technical covariates.  
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Summary

§ Sparse factor analysis models using informative gene sets allow 
decomposing the source of variation in scRNA-seq 
§  identify both biological and technical sources of variation 
§ complete gene sets 
§ remove unwanted variation 

§ Fast variational approximations allow scaling these methods to very 
large datasets sizes with 100s of thousands of cells.
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