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Single-cell transcriptome measurements can reveal unexplored biological diversity, but they suffer from technical noise and
bias that must be modeled to account for the resulting uncertainty in downstream analyses. Here we introduce single-cell varia-
tional inference (scVI), a ready-to-use scalable framework for the probabilistic representation and analysis of gene expression
in single cells (https://github.com/YosefLab/scVI). scVI uses stochastic optimization and deep neural networks to aggregate
information across similar cells and genes and to approximate the distributions that underlie observed expression values, while
accounting for batch effects and limited sensitivity. We used scVI for a range of fundamental analysis tasks including batch
correction, visualization, clustering, and differential expression, and achieved high accuracy for each task.

that is beginning to make important contributions to diverse

research areas such as development’, autoimmunity?, and can-
3
cer’. —,

however, as it is confounded by nuisance factors such as limited*
and variable® sensitivity, batch effects’, and transcriptional noise’.
Several recent studies modeled scRNA-seq bias and uncertainty by
fitting a probabilistic model for each gene measurement in each
cell, which represents the data in a lower and potentially less noisy
dimension®°. Once these models have been fit, they

Single—cell RNA sequencing (scRNA-seq) is a powerful tool

Although these methods have provided new insights into the
biological variation between cells, they assume that a generalized
linear model can be used to accurately map onto a low-dimensional
manifold underlying the data, which is not necessarily justified.
Also, different models are currently used for different tasks, whereas

the application of a single distributional model to a range of down-

stream tasks would help to ensure consistency and interpretabil-
ity. Finally, —

14

To address these limitations, we developed scVI, a fully proba-
bilistic approach for the normalization and analysis of scRNA-seq
data. scVI is based on a hierarchical Bayesian model® with condi-
tional distributions specified by deep neural networks, which can be

trained veri efﬁcientli even for Veri larﬁe datasets. (HCITaNSCHPY

This latent representation is then decoded by another nonlinear
transformation to generate a posterior estimate of the distributional
parameters of each gene in each cell. The transformation assumes a
zero-inflated negative binomial distribution, which accounts for the
observed overdispersion and limited sensitivity'®'*".

Several recent papers have also demonstrated the utility of
neural networks for embedding scRNA-seq datasets in a scalable
manner'®?". scVI stands out from these as the only method that
explicitly models the two key nuisance factors in scRNA-seq data

(| sz R IbateRleHiest - °) and the only readily available

solution for a range of analysis tasks using the same generative
model (Methods, Supplementary Note 1, Supplementary Table 1).
To demonstrate its flexibility, we carried out batch removal, nor-
malization, dimensionality reduction, clustering, and differential
expression. We show here that for each of these tasks, scVI com-
pared favorably to current state-of-the-art methods.

Results
The scVI model.

on the batch annotation s, of each cell (if available), as well as two
additional, unobserved random variables'®'*'” (Methods). The first

variable,
due to differences in capture efficiency and sequenc-

ing depth, and serves as a cell-specific scaling factor.

@II®'. We used it to represent each cell as a point in a low-dimen-
sional latent space that served for visualization and clustering. In

the scV1 model, (iCHANRERTOHAPSIhENACHINAHABIESONS

This mapping goes through intermediate values

. We used
these estimates for differential expression analysis and its scaled
version (multiplying p! by the estimated library size #,) for impu-
tation.

fiiZationIprocedtn "’ (Fig. 1a, neural networks 1-4).

Model evaluation. We evaluated scVI along with a set of bench-
mark methods for probabilistic modeling and imputation of scRNA-
seq data using a collection of published datasets spanning a range
of technical and biological characteristics (Supplementary Table 2
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Fig. 1| Overview of scVI. Given a gene expression matrix with batch annotations as input, scVI learns a nonlinear embedding of the cells that can be used
for multiple analysis tasks. a, The neural networks used to compute the embedding and the distribution of gene expression. NN, neural network. f, and f,
are functional representations of NN5 and NN6, respectively. b, Running times for fitting models on the BRAIN-LARGE data with a set of 720 genes and
increasing input sizes subsampled randomly from the complete dataset. Algorithms were tested on a machine with one eight-core Intel i7-6820HQ CPU
addressing 32 GB RAM, and one NVIDIA Tesla K80 (GK210GL) GPU addressing 24 GB RAM. Basic matrix factorization with FA acted as a control. For the
T-million-cell dataset, we report the results of scVI with and without early stopping (ES).

and Methods). To assess the scalability of training, we randomly
subsampled a dataset of 1.3 million mouse brain cells*® (BRAIN-
LARGE). To facilitate comparison to state-of-the-art algorithms for
probabilistic modeling and dimensionality reduction of single-cell
data®"?, which may be less scalable, we limited this analysis to the
720 genes with the largest s.d. across all cells (Fig. 1b). We found
that most methods were capable of processing up to 50,000 cells
before running out of memory (using 32 GB RAM). In contrast,
scVI was generally faster and scaled to 1 million cells, thanks to
its reliance on a fixed number of cells at each iteration of iterative
stochastic optimization (Methods). We observed similar scalabil-
ity with DCA®, a denoising autoencoder that also uses stochastic
optimization. Notably, as the dataset size approached 1 million
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cells, fewer training iterations (or epochs) were needed, and thus
heuristics for stopping the learning process may save time. Indeed,
standard scVI, which uses a fixed number of epochs, was slower
than DCA, which uses the stopping heuristic by default, but scVI’s
early-stopping option greatly enhanced its speed (it trains in under
1h) without affecting data fit (Supplementary Fig. 2).

. On five
datasets of different sizes (BRAIN-LARGE?*, CORTEX?*, PBMC*,
RETINA®, and HEMATO?; 3-27,000 cells; Supplementary Table 2),
we set 9% of nonzero entries (chosen randomly (Supplementary
Figs. 3 and 4) or with a preference for low values (Supplementary
Figs. 5 and 6)) to zero and tested the ability of each method to
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Fig. 2 | Biological signal is retained in the scVI latent space. scVI| was applied to three datasets (CORTEX, n=3,005 cells; HEMATO, n=4,016 cells; and
RETINA, n=27,499 cells). CORTEX and HEMATO showed distance matrices in the latent space and 2D cell embeddings for scVI and SIMLR. Distance
matrix scales are in relative units from low to high similarity over the range of values in the entire matrix; cells are grouped using labels provided in the
original studies. CORTEX cell subsets were ordered by hierarchical clustering as in the original study. The embedding plot layout was determined by
t-distributed stochastic neighbor embedding (t-SNE) (CORTEX) or a five-nearest-neighbors graph visualized with a Fruchterman-Reingold force-directed
algorithm (HEMATO) (see Supplementary Fig. 10d for original SIMLR embedding). The color-coding is the same for embeddings and distance matrices.
For RETINA, scVI is compared with principal component analysis followed by the mutual nearest neighbors method. t-SNE on the latent space provides
embeddings. Left, cells are color-coded by batch. Right, cells are color-coded by subpopulation annotations from the original study?'.

recover the values. In most cases,

@ In one important exception, scVI was outperformed by
MAGIC" (which imputes by means of propagation in a cell-cell
similarity graph) on the HEMATO hematopoietic differentiation
dataset, which includes fewer cells (4,016) than genes (7,397).
In such cases, scVI is expected to underfit the data, potentially
leading to worse imputation accuracy. However, restriction of
the analysis to the top 700 variable genes improved imputation
(Supplementary Fig. 3c).

As an additional evaluation of model fit, we tested the likelihood
of data that were held out during training, and obtained results in
agreement with those of the synthetic dropout test (Supplementary
Fig. 7, Supplementary Table 3). Furthermore, scVI, like ZIFA and
factor analysis (FA), can also be used to generate unseen data
via sampling of the latent space. As evidence of the validity of this
procedure, we sampled from the posterior distribution given the
perturbed training data, and observed that the samples were largely
consistent with the unperturbed data (Supplementary Fig. 8).

Capturing biological structure in latent space.

One way to assess this is to rely on prior
stratification of the cells into biologically meaningful subpopula-
tions, which is normally done by unsupervised clustering followed
by manual inspection and annotation”*. We evaluated accuracy
with respect to these stratifications (available for the CORTEX and
PBMC datasets) by applying k-means clustering on the latent space
and testing for overlap with the annotated subpopulations (using
the same k as in the annotated data), or by comparing the proximity
of cells in the same subpopulation to the proximity of cells from dif-
ferent subpopulations (Methods). A dataset that included single-cell
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protein measurements in addition to mRNA (CBMC)* served as
an alternative benchmark, by allowing us to evaluate the extent to
which the similarity between cells in the mRNA latent space resem-
bled their similarity at the protein level (Methods).

In these tests, scVI grouped cells that were from the same
annotated subpopulation or that expressed similar proteins, and
it compared favorably to other methods that aim to infer a bio-
logically meaningful latent space (ZIFA, ZINB-WaVE, DCA, and
FA; Supplementary Fig. 9). Notably, a simpler version of scVI that
does not explicitly model library size did not perform as well as the
standard scV1I, thus supporting our modeling choice.

Next, we benchmarked scVI with SIMLR", a method that cou-
ples clustering with learning of a cell-cell similarity matrix and a
respective low-dimensional (latent) representation. SIMLR outper-
formed scVI by providing a tighter representation of the compu-
tationally annotated subpopulations. This result was expected, as
SIMLR explicitly aims to produce a tight representation in a target
number of clusters; however, a possible consequence of this action
is that SIMLR may not capture higher-resolution structural proper-
ties of the cell-cell similarity map. Indeed, in the protein-versus-
mRNA test, scVIand DCA performed best, albeit by a small margin
(Supplementary Fig. 9c). scVI also more accurately captured hier-
archical structure among cell subsets, such as was reported for cor-
tical cells (CORTEX);*” cells from related subpopulations tended
to be closer to each other in scVTs latent space (Supplementary
Fig. 9e-g). Another important case is when variation is continuous
rather than discrete, as reported for differentiating hematopoietic
cells (HEMATO)*”. SIMLR identified several discrete clusters and
did not reflect the continuous nature of this system as well as scVI
or PCA did (Fig. 2, Supplementary Fig. 10). Finally, the data may be
almost entirely dominated by noise and lack structure. On a noisy
dataset that we generated by sampling at random from a vector of
ZINB distributions, SIMLR erroneously reported 11 distinct clus-
ters, which were not perceived by other methods (Supplementary
Fig. 11). Altogether, these results suggest that the latent space of
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Fig. 3 | Benchmarking of differential expression analysis. Performance was evaluated on the PBMC dataset (n=12,039 cells) on the basis of consistency

with published bulk data. a,b, Comparison of B cells and dendritic cells (a) and

of CD4+ and CD8* T cells (b) evaluated for consistency with the IDR*

framework (blue) and using AUROC (green). scVI (NoLib) refers to a simpler version of scVI that does not include the cell-specific scaling factor.

The range of values was derived from subsampling of 100 cells from each cluster n=20 times to determine robustness. Box plots indicate the median
(center lines), interquantile range (hinges), and 5th to 95th percentiles (whiskers). c-f, Significance levels of differential expression between B cells

and dendritic cells. Points represent individual genes (n=3,346). Bayes factors or BH-corrected P values on scRNA-seq data are compared with bulk
microarray-based BH-corrected P values. Horizontal lines denote the significance threshold of 0.05 for corrected P values. Vertical lines denote the
significance threshold for the Bayes factor of scVI (¢) or 0.05 for corrected P values for DESeq2 (d), edgeR (e), and MAST (f). We also report the median

mixture weight for reproducibility p (higher values are better).

scVI is flexible and describes the data well, even when the data do
not fit in a simple structure of discrete cell states.

Accounting for technical variability. (EVINPIOVIGCSIAIDATAINEITIO

. To evaluate the capacity of
scVI to correct batch effects, we used a mouse retinal bipolar neuron
dataset consisting of two batches (RETINA). We defined an entropy
measure to evaluate the mixing of cells from different batches in
any local neighborhood of the latent space (abstracted using a
k-nearest-neighbor graph; Methods). In this dataset, scVI aligned
the batches considerably better than ComBat™ (which uses linear
models and empirical Bayes shrinkage) and a recent method based
on matching of mutual nearest neighbors®, while still maintain-
ing a tight representation of preannotated subpopulations (Fig. 2,
Supplementary Figs. 9d and 12). Algorithms that do not account
for batch effects in their models provided poor mixing of batches,
as expected. Specifically, although SIMLR and DCA were capable
of clustering the cells well within each batch, the respective clusters
from each batch remained largely separated. We obtained similar
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results when we applied a simplified version of scVI with no batch
variable, thus supporting our modeling choice.
Turning to confounding due to variation in sequencing depth,

(for example, in a subpopulation
of peripheral blood mononuclear cells (PBMCs); Supplementary
Fig. 13a). A related technical issue is low sensitivity due to lim-
ited mRNA capture efficiency and (to a lesser extent) sequenc-
ing depth, which exacerbates the number of zero entries and can
distort similarity among homogeneous cells. We found that most
zero entries could be explained by the negative binomial compo-
nent (Supplementary Fig. 14a,b) rather than the ‘inflation’ of addi-
tional unexplained Bernoulli-distributed zeros. Consistently, the
occurrence of zero entries largely agreed with a process of random
sampling of genes from each cell, in a manner proportional to their
expected frequency (as inferred in the matrix p of our model, which
is proportional to the negative binomial mean) and with no addi-
tional bias (Supplementary Fig. 13b and Supplementary Note 2).
Indeed, we found that zero probabilities from the negative binomial
distribution correlated more with cell-specific quality factors related
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to library size (e.g., number of reads per unique molecular identi-
fier), whereas zero probabilities from the Bernoulli correlated more
with quality factors indicative of alignment errors (using subpopu-
lations of BRAIN-SMALL cortical cells or PBMCs; Supplementary
Figs. 13c,d and 14c¢,d), possibly because of contamination or mRNA
degradation. Taken together, these results corroborate the idea that
most zeros, at least in the datasets explored here, can be explained
by low (or zero) ‘biological’ abundance of the respective transcript,
exacerbated by limited sampling.
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(i.e., Bayes factor’®”; Methods).
To evaluate scVI in comparison with other differential expression
methods'>'"*"*, we used a dataset of 12,039 PBMCs from a healthy

human donor (PBMC) and undertook (SiparisonsibetueeniBicel)
and dendritic cell clusters, and between CD4* and CD8* T cell clus-

@B. Bulk-level comparative analysis of similar cell subsets served
as a gold standard™*. For evaluation, we first defined genes as true

characteristic curve (AUROC) on the basis of the Bayes factor for
scVI or BH-corrected P value for the other methods. Because the
definition of true positives requires a somewhat arbitrary thresh-
old, we also used a second score that evaluated the reproducibility
of gene ranking (bulk reference versus single cell, considering all
genes), using the irreproducible discovery rate (IDR)*. scVI had
the highest AUROC in the T cell comparison, whereas edgeR out-
performed scVI by a smaller margin in the comparison of B cells
versus dendritic cells. scVI performed best with respect to IDR in
both comparisons (Fig. 3, Supplementary Fig. 15a—e). We noted that
the use of DCA followed by DESeq2 constituted a solid improve-
ment over the direct application of DESeq2, which was designed for
bulk data, thus supporting the need for single-cell-adapted models.
Furthermore, a simpler variant of scVI that does not include the
library size factor performed extremely poorly in the comparison
of B cells versus dendritic cells, thus supporting the usefulness of
explicit inclusion of library size normalization in the model.

Discussion
scVI was designed to address an important need in the rapidly
evolving field of single-cell transcriptomics—namely, to account
for measurement in tertiary analysis tasks
through a common, scalable statistical model. As a result, it provides
a computationally efficient and ‘all-inclusive’ tool that couples low-
dimensional probabilistic representation of gene expression data
with downstream analysis capabilities, comparing favorably to state-
of-the-art methods in each of a range of tasks, including batch-effect
correction, imputation, clustering, and differential expression.

The scVI deep learning architecture is built on several canonical
building blocks such as nonlinearities, regularization, and mean-
field approximation to the posterior”® (Methods). The exploration
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of other, possibly better, architectures*” and procedures for param-
eter and hyperparameter tuning* might in some instances provide
a better model fit and more suitable approximate inference. Notably,
because our procedure has a random component and optimizes a
nonconvex objective function, it might give alternative results with
different initializations. To address this, we demonstrated the stabil-
ity of scVI in terms of its objective function, as well as imputation
and clustering (Supplementary Fig. 1). A related issue is that if there
are few observations (cells) for each gene, the prior and the induc-
tive bias of the neural network might keep scVI from fitting the data
closely. Indeed, gene prefiltering may be warranted in cases where
there are fewer cells than genes. A complementary approach would
make use of techniques such as Bayesian shrinkage'” or regulariza-
tion and second-order optimization'’. However, we were able to
show that for a range of datasets of varying sizes, scVI fit the data
well and captured relevant biological diversity between cells.

Because it provides a general probabilistic representation of gene
expression,

@RRGHAGOAEY . Furthermore, because it requires only the latent space
and the model specification (which both have a low memory foot-
print) to generate any data point (cell X gene) of interest, scVI can be
used as an effective baseline for scalable and interactive visualization
tools""". Finally, scVI can be extended to merge multiple datasets
from a given tissue while integrating prior biological annotations of
cell types. We therefore expect this work to be of immediate inter-
est, especially where dataset harmonization needs to be scalable and
conducive to various forms of downstream analysis'*.

Online content

Any methods, additional references, Nature Research reporting
summaries, source data, statements of data availability and asso-
ciated accession codes are available at https://doi.org/10.1038/
$41592-018-0229-2.
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Methods

The scVI probabilistic model. First, we present in more detail the generative
process for scVI. Each expression value x,, is drawn independently through the
following process:

z, ~Normal(0,I)

£, ~log normal(Z,,£%)
h =, @)

w,, ~Gamma(p¥,0)

e ~Poisson (£,w,,)

h,, ~Bernoulli (ff (z,5,)

&

_ | By 1 Py =0
¢ 0 otherwise

A standard multivariate normal prior for z is commonly used in variational
autoencoders because it can be reparameterized in a differentiable way into any
arbitrary multivariate Gaussian random variable”, which turns out to be extremely
convenient in the inference process.

B denotes the number of batches and 7, £, € R® parameterize the prior for the
scaling factor (on a log scale). ,.

. We note that the random variable Z, is not the

log-library size (scaling the sampled observation) itself but a scaling factor that
is expected to correlate strongly with log-library size (hence the choice of the
parameters). The parameter 6 € ]R?r denotes a gene-specific inverse dispersion,
estimated via variational Bayesian inference.

f,,and f, are neural networks that map the latent space and batch annotation
back to the full dimension of all genes: R?x {0,1}* > RC. We use superscript
annotation (for example, £ (z,,s,)) to refer to a single entry that corresponds to
a specific gene g. Neural network f, is constrained during the inference to encode
the mean proportion of transcripts expressed across all genes by the use of a
softmax activation at the last layer. Namely,

. These intermediate vectors can
therefore be interpreted as expected frequencies. Importantly, we note that neural
networks allow users to go beyond the generalized linear model framework

and provide a more flexible model of gene expression.

Each network has one, two, or
three fully connected layers, with 128 or 256 nodes each. Details are provided in
Supplementary Table 2. The activation functions between two hidden layers
are all ReLU. We use a standard link function to parameterize the distribution
parameters (exponential, logarithmic, or softmax). Weights for some layers are
shared between f, and f;.

Fast inference via stochastic optimization. The posterior distribution combines
the prior knowledge with information acquired from the data matrix X. We cannot
directly apply a Bayes rule to determine the posterior because the denominator (the
marginal distribution, integrated over the latent variables) p (x,s,) is intractable.
Inference over the whole graphical model is not needed. We can integrate out the
latent variables w,, h,,, and y,, because p (x,,|z,,£,s,) has a closed-form density.
Notably, the distribution p (x,|z,,s,, £,) is a ZINB'® with mean 7, ¢, gene-specific
dispersion 6¢ and zero-inflation probability 12 (z,s,) (Supplementary Note 3).
We discuss the numerical stability and parameterization of the ZINB distribution
in Supplementary Note 4. Having simplified our model, we use variational
inference™ to approximate the posterior p(z,,7,|x,,s,) . Our variational
distribution g (z,, £,|x,,s,) is mean-field:

q(z, G lx,8,) =q(z)x,5,)q (& )x,,)

The variational distribution q (z,|x,, s,) is chosen to be Gaussian with a diagonal
covariance matrix, mean, and covariance given by an encoder network applied
to (x,,5,), as in ref. . The variational distribution q (£|x,,s,) is chosen to be
log-normal with the scalar mean and variance also given by an encoder network
applied to (x,,s,). The variational lower bound is

logp(xls) 2By . qlogp(xlz,1,s)
=Dy, (q(zlx, 5)llp(2)) (1)
=Dy (q(Ulx, )lIp(D)

In this objective function, the dispersion parameters ¢, for each gene are treated as
global variables to be optimized in a variational Bayesian inference fashion.

To optimize the lower bound, we use the analytic expression for p (x|z, 1, s)
and use analytic expressions for the Kullback-Leibler divergences. We use the
reparameterization trick to compute low-variance Monte Carlo estimates of the
expectations’ gradients. Analytic closed-form for the Kullback-Leibler divergence
and the reparameterization trick are possible only on certain distributions that

NATURE METHODS | www.nature.com/naturemethods

multivariate Gaussians are a part of”*. The reparameterization trick is a specific
sampling scheme from the variational distribution, which makes our objective
function stochastic. Remarkably, this sampling step coupled with neural network
approximation to the posterior is what makes it possible to go beyond restrictive
‘conditional conjugacy’ properties often needed for sampling or variational
inference. This allows us to efficiently carry out inference with arbitrary models,
including those with conditional distributions specified by neural networks*.

A second level of stochasticity comes from subsampling from the training
set (possible because the cells are identically independently distributed when
conditioned on the latent variables). We then have an online optimization
procedure that can handle massive datasets, used by both scVI and other methods
that exploit neural networks'*-*'. At each iteration, we focus only on a small subset
of the data randomly sampled (M =128 data points) and do not need to go through
the entire dataset. Therefore, there is no need to store the entire dataset in memory.
Because the number of genes is in practice limited to a few tens of thousands, these
mini-batches of cells can be handled easily by a GPU. Now, our objective function
is continuous and end-to-end differentiable, which allows us to use automatic
differentiation operators.

Throughout the paper, we use Adam (a first-order stochastic optimizer)
with £ =0.01. As indicated in ref. ¥/, we use deterministic warm-up and batch
normalization during learning to learn an expressive model. A complete list of
hyperparameters is provided in Supplementary Table 2. The hyperparameters were
chosen via a small grid search that maximized held-out log likelihood—a common

that there are only three dataset-specific hyperparameters to set (learning rate,
number of layers, and layer width). We optimize the objective function until
convergence—usually between 120 and 250 epochs, where each epoch is a
complete pass through the dataset (we note that bigger datasets require fewer
epochs). For the larger subset of the BRAIN-LARGE dataset, we also ran with
the early-stopping criterion: the algorithm stopped after 12 consecutive epochs
with no improvement on the validation loss.

Because the encoder network g (z]x, s) might still produce output correlated
with the bath s, one could use in principle a maximum mean discrepancy (MMD)-
based penalty as in ref. ** to correct the variational distribution. For this paper,
however, we did not explicitly enforce the MMD penalty and simply retained
the conditional independence property, which has been shown to be sufficiently
efficient. This may be useful with other datasets, though it explicitly assumes that
the exact same biological signal is present in the datasets.

observed gene expression (x,, x,) and batch ID (s,, s,), we can formulate two
mutually exclusive hypotheses:

HE =B ¥ (z,,5) > B, f¥ (2}, s)versus H3 : =B f* (z,,5) <E, f* (2, 5)

where the expectation E is taken with the empirical frequencies. Notably, we
propose a hypothesis testing that does not calibrate the data to one batch but

will find genes that are consistently differentially expressed. Evaluation of which
hypothesis is more probable amounts to evaluation of a Bayes factor” (Bayesian
generalization of the P value). Its sign indicates which of H{ and H$ is more likely.
Its magnitude is a significance level, and throughout the paper, we consider a
Bayes factor as strong evidence in favor of a hypothesis if |K| > 3 (ref. *°)
(equivalent to an odds ratio of exp(3) ~ 20).

4
K tog PO
“p (Ml %)

where the posterior of these models can be approximated via the variational
distribution

P~ Y [ P ) <FE (2 9)p(5)da ) da (2,
fozZen

where p(s) designates the relative abundance of cells in batch s and all of the

measures are low-dimensional, so we can use naive Monte Carlo to compute these

integrals. We can then use a Bayes factor for the test.

subpopulation. The average factor will provide an estimate of whether cells from
one subpopulation tend to express g at a higher frequency.

We demonstrated the robustness of our method by repeating the entire
evaluation process and comparing the results (Fig. 3a,b). We also ensured that
our Bayes factors were well calibrated by running the differential expression
analysis across cells from the same cluster and making sure no genes reached the
significance threshold (Supplementary Fig. 15f).

Modeling choices. In this section, we consider the extent to which each of a
sequence of modeling choices in the design of scVI contributes to its performance.
As a baseline approach, consider normalizing scRNA-seq data as in the literature’
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and reducing the dimensionality of the data by using a variational autoencoder
with a Gaussian prior and a Gaussian conditional probability.

One way to enhance a model is to change the Gaussian conditional probability
to one of the many available count distributions, such as ZINB, negative binomial
(NB), Poisson, and others. Recent work by Eraslan et al. using simulated data
shows that when the dropout effect drives the signal-to-noise ratio to a less
favorable regime, a denoising autoencoder with mean squared error (i.e., Gaussian
conditional likelihood) cannot recover cell types from expression data, whereas
an autoencoder with ZINB conditional likelihood can®. This result points to the
importance of at least modeling the sparsity of the data and is in agreement with
previous contributions™'’.

The next question is which count distribution to use. In scVI we have chosen
O ZNECHGiCEHonAEaBPUBISHEMETAD (for cxample, ref. ).
First, the choice of negative binomial is common with RNA-seq data, as they are
overdispersed'”. Furthermore, under some assumptions this distribution captures
the steady-state form of the canonical two-state promoter-activation model'.
Finally, recent work by Grenbech et al*'. proposes an analysis based on Bayesian
model selection (held-out log-likelihood as in this paper). In that analysis, the
NB and ZINB distributions stand out with similarly high scores. We demonstrate
that the addition of a zero-inflation (Bernoulli) component is important for
explaining a subset of the zero values in the data (Supplementary Fig. 14) and
that it captures important aspects of technical variability that are not captured
by the NB component (Supplementary Fig. 13).

@AIEEED . We showed how this contributes to our model by increasing clustering
scores and differential expression analysis accuracy on the PBMC dataset.
(e permentalbatenes. This is not a trivial task, as a substantial

covariate shift may exist between the observed transcript measurements. We
showed how this modification to our model is crucial when dealing with batch
effects in subsection on the RETINA dataset.

Datasets and preprocessing. Below we describe all of the datasets and the
preprocessing steps used in the current work. We focused on relatively large
datasets (3,000 cells or more) with unique molecular identifiers, thus providing
enough information during training and avoiding the problem of overcounting
due to amplification. An asterisk after the dataset name indicates that we used it
as an auxiliary dataset; these datasets were used not for general benchmarking
but rather to support specific points presented in the paper. The only case where
we subsampled the data multiple times was that of the BRAIN-LARGE dataset.
However, we simply used one instance of it to report all possible scores

(further details are presented in Supplementary Table 2).

CORTEX. The Mouse Cortex Cells dataset from ref. > contains 3,005 mouse
cortex cells and gold-standard labels for seven distinct cell types. Each cell type
corresponds to a cluster to recover (Supplementary Table 4). We retained the
top 558 genes ordered by variance as in ref. °.

PBMC. We considered scRNA-seq data from two batches of PBMCs from a healthy
donor (4,000 and 8,000 PBMCs, respectively)®. We derived quality control metrics
using the cellrangerRKkit R package (v. 1.1.0). Quality metrics were extracted from
Cell Ranger throughout the molecule-specific information file. After filtering

as in ref. , we extracted 12,039 cells with 10,310 sampled genes and generated
biologically meaningful clusters with the software Seurat (Supplementary

Table 5). We then filtered genes that we could not match with the bulk data

used for differential expression, which resulted in g=3,346.

BRAIN-LARGE. This dataset contains 1.3 million brain cells from 10x Genomics*.
We randomly shuffled the data to get a subset of 1 million cells and ordered

genes by variance to retain first 10,000 and then 720 sampled variable genes.

This dataset was then sampled multiple times in cells for the runtime and
goodness-of-fit analysis. We report imputation scores for the 10,000 cells and

720 gene samples only.

RETINA. After filtering according to the original pipeline, the dataset of bipolar
cells from ref. *' contained 27,499 cells and 13,166 genes from two batches. We used
the cluster annotation from 15 cell types from the author. We also extracted their
normalized data with ComBat and used it for benchmarking.

HEMATO. This dataset with continuous gene expression variations from
hematopoietic progenitor cells” contains 4,016 cells and 7,397 genes. We removed
the library basal-bm1, which was of poor quality, on the basis of the authors’
recommendation. We used their population balance analysis result as a potential
function for differentiation.

CBMC*. This dataset includes 8,617 cord blood mononuclear cells* profiled using
10, along with 13 well-characterized mononuclear antibodies for each cell. We
kept the top 600 genes by variance.

BRAIN-SMALL*. This dataset, which consists of 9,128 mouse brain cells
profiled using 10x*, was used as a complement to PBMC for our study of
zero abundance and quality control metric correlation with our generative
posterior parameters. We derived quality control metrics by using the
cellrangerRkit R package (v. 1.1.0). Quality metrics were extracted from

Cell Ranger throughout the molecule-specific information file. We kept

the top 3,000 genes by variance. We used the clusters provided by Cell Ranger
for the correlation analysis of zero probabilities.

Statistics. Differential expression for bulk datasets. Specifically, we assembled

a set of genes that are differentially expressed between human B cells and dendritic
cells (microarrays; n=10 in each group”; GSE29618) and between CD4* and CD8*
T cells (microarrays; n=12 in each group”’; GSE8835). For GSE29618, we first
loaded bulk human expression array data using the GEOquery package, selecting
all B cell and myeloid dendritic cell samples from the baseline (“Day0”) time point.
We retained all expression features described by exactly one gene symbol and
regressed the expression of these expression measures on cell-type covariate

(B cell versus myeloid dendritic cell) using ImFit linear modeling in limma.

P values were derived from empirical Bayes moderated t-tests for differences
between the two cell types, using eBayes in limma. We conducted an identical
study on GSE8835 for the CD4* and CD8* T cell comparison. These P values

were then corrected via the standard BH procedure.

Differential expression for scRNA-seq datasets. We used the packages as detailed
above. The P values were then corrected via the standard BH procedure.

Capturing technical variability. We computed the average probability of zero
from the NB distribution and from the Bernoulli across all genes for a particular
cell. We tested for a correlation between these cell-specific zero probabilities
and cell-specific quality control metrics by using a Pearson-correlation test.

Evaluation. We describe below how we computed the metrics used in the
study. Further details of the algorithms used for benchmarking in this work are
provided in Supplementary Note 5.

Log-likelihood on held-out data. We provide a multivariate metric of goodness
of fit on the data in Supplementary Note 6.

Corrupting the datasets for imputation benchmarking. In this study we used
two different approaches to measure the robustness of algorithms to noise
in the data:

o Uniform zero introduction: we randomly selected 10% of the nonzero entries
and multiplied the entry n with a Ber(0.9) random variable.

«  Binomial data corruption: we randomly selected 10% of the matrix and
replaced an entry n with a Bin(n, 0.2) random variable.

Accuracy of imputing missing data. As imputation is tantamount to replacing
missing data by its mean conditioned on being observed, we used the median L,
distance between the original dataset and the imputed values for corrupted entries
only. For MAGIC, we used the output of the associated software. For BISCUIT,
we used the imputed counts. For ZIFA, we used the mean of the generative
distribution conditioned on the nonzero event (mean of the factor analysis part)
that we projected back into count space. For scVI and ZINB-WaVE, we used the
mean of the NB distribution.

Silhouette width. The silhouette width requires either a similarity matrix or a latent
space. We can define a silhouette score for each sample i with

bi)—ali
s =—0-al)

maxf{a (i), b (i)}
where a(i) is the average distance from i to all data points in the same cluster c,
and b(i) is the lowest average distance from i to all data points in the same
cluster c among all clusters c. Clusters can be replaced with batches if one is
estimating the silhouette width to assess batch effects.
Clustering metrics. The following metrics require clustering and not simply a
similarity matrix. For these, we use k-means clustering on the given latent space of

dimension 10 with T=200 random initializations to achieve a stable score.

Adjusted Rand index. This index requires clustering. For most indexes,
n;) a; b.ll/n
%Rz 6)
b, a; b;

J i i

2] Z [2 ] % [2]

a,, and b; are values from the contingency table.

(1/2) -

()

s [5]+x

where 7,
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Normalized mutual information.
I1(P;T)

JH(P)H(T)

where P,T designates empirical categorical distributions for the predicted and real
clustering, I is the mutual entropy, and H is the Shannon entropy.

Entropy of batch mixing. Fix a similarity matrix for the cells and take U to be a
uniform random variable on the population of cells. Take By, as the empirical
frequencies for the 50 nearest neighbors of cell U being a in batch b. Report the
entropy of this categorical variable and average over T'=100 values of U.

Protein abundance/mRNA expression. Take the similarity matrix for the normalized
protein abundance (centered log-ratio transformation; see ref. *). Compute a
100-nearest-neighbors graph. Fix a similarity matrix for the cells and compute a
100-nearest-neighbors graph. Report the Spearman correlation of the flattened
matrices and the fold enrichment.

Let A be the set of edges in the protein nearest neighbors (NN) graph, B be the
set of edges in the cell NN graph, and C be the entire set of possible edges. The fold
enrichment is defined as

|ANB| x |C|
|A[|B]|
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Differential expression metrics. We used 100 cells from each cluster. In scVI,
we draw 200 samples from the variational posterior; subsampling ensures that
our results are stable.

Area under the curve. We assign each gene a label of differentially expressed (DE)
or non-DE on the basis of its P value from the reference data (genes with
BH-corrected P values < 0.05 are positive, and the rest are negative); then we

use these labels to compute the AUROC.

Irreproducible discovery rate. The IDR is computed with the corresponding
R package. We adjust the prior for the mixture weight to be the fraction of
genes detected in the microarray data.

Reporting Summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Software availability. An open-source software implementation of scVI is available
on Github (https://github.com/YosefLab/scVI). All code for the reproduction of
results and figures in this article has been deposited at https://zenodo.org/badge/
latestdoi/125294792 and is included as Supplementary Software.

Data availability
All of the datasets analyzed in this paper are public and can be referenced at
https://github.com/romain-lopez/scVI-reproducibility.
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