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Abstract

With the rapid advances in single-cell sequencing technology, it is now feasible to conduct in-depth genetic analysis in individual
cells. Study on the dynamics of single cells in response to perturbations is of great significance for understanding the functions and
behaviors of living organisms. However, the acquisition of post-perturbation cellular states via biological experiments is frequently cost-
prohibitive. Predicting the single-cell perturbation responses poses a critical challenge in the field of computational biology. In this work,
we propose a novel deep learning method called coupled variational autoencoders (CoupleVAE), devised to predict the postperturbation
single-cell RNA-Seq data. CoupleVAE is composed of two coupled VAEs connected by a coupler, initially extracting latent features for
controlled and perturbed cells via two encoders, subsequently engaging in mutual translation within the latent space through two
nonlinear mappings via a coupler, and ultimately generating controlled and perturbed data by two separate decoders to process the
encoded and translated features. CoupleVAE facilitates a more intricate state transformation of single cells within the latent space.
Experiments in three real datasets on infection, stimulation and cross-species prediction show that CoupleVAE surpasses the existing
comparative models in effectively predicting single-cell RNA-seq data for perturbed cells, achieving superior accuracy.
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Introduction

Single-cell RNA sequencing (scRNA-Seq) has revolutionized bio-
logical and medical research by revealing the heterogeneity of
individual cells. Advances in high-throughput data analysis have
enabled biologists to understand changes in cell type heterogene-
ity and transcriptomes over a long period of life [1], explore diver-
gent developmental lineages [2], and quantify the pluripotency
landscape of cell differentiation through cellular decomposition
and dynamics [3, 4]. Studying single-cell dynamics in response to
perturbations such as virus infections [5], drug treatments [6, 7],
gene knockouts [8-10], and the cellular differences for different
species [11] is essential for understanding organism functions and
aiding drug discovery. Identifying marker genes linked to dynamic
differences can enhance cellular phenotype understanding [12].
Due to high experimental costs [13, 14], computational modeling
has become essential for predicting responses, enabling the gen-
eration of in silico scRNA-Seq data under specific conditions.
While mechanistic models have been introduced in various
studies for predicting single-cell perturbation responses [15, 16],
such models usually have high computational costs and low
precision in parameter estimation, and cannot explain the non-
linearity of the system. For example, a regularized linear model
called MIMOSCA [8] is used to analyze the transcriptional effects

of single-cell perturbations by modeling the expression level of
each gene as a linear combination of the perturbation effects,
which is not possible to model the complex nonlinear effects.
In recent years, several deep generative methods for predicting
single-cell perturbation responses have been proposed, especially
using adversarial generative networks (GANs) and variational
autoencoders (VAEs) [17, 18]. Particularly, the work in [19] designed
a GAN-based generative model for simulating gene expression
and predicting single-cell perturbations. Since GANs do not allow
for mapping features into a latent space, another GAN-based
method named scPreGAN [20] predicts single-cell by integrating
autoencoder and GANs. However, it is often hard to train GANs
with structured high-dimensional data, which limits the wide use
of GANSs for the single-cell perturbation prediction [21]. VAE-based
generative models have been more popularly used [21, 22]. The
method scGen [21] first learns the VAE latent feature differences
between the perturbed and unperturbed cells and then maps the
prediction in latent space to high-dimensional gene expression
space. The method trVAE [22] uses CVAE [23] and maximum mean
deviation to handle multiple perturbations. Both models consider
the response of different cell types to the perturbation as the
same and thus may ignore the different responses of different
cell types to perturbations, which may lead to prediction bias.
The MichiGAN model [24] combines VAEs and GANs to generate
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better samples while sampling from the untangled representa-
tion, where predicting drug response is one of its applications.
However, this combined model usually has a complex structure,
which may slow down the convergence rate and take a lot of time
to train.

Recent studies have explored various applications of VAEs for
predicting perturbational single-cell responses. Approaches such
as scPRAM [25], scVIDR [26], and scPerb [27] enhance the VAE
framework by adding auxiliary loss terms to capture perturbation
effects, enabling more accurate predictions of cell state changes
under perturbations. These approaches are particularly effec-
tive at learning latent representations that capture broad shifts
between control and perturbed conditions. However, they primar-
ily focus on computing the latent space shift § between control
and perturbed states, which may oversimplify the underlying
biological processes. This latent space shift typically represents a
linear displacement, neglecting the complex, non-linear dynam-
ics involved in cellular responses. As a result, these methods may
fail to fully capture the intricate biological transitions that occur
during perturbations, limiting their ability to accurately model the
true cellular transformations.

To overcome the limitations of the existing methods, in this
work, we propose a deep generative model called coupling VAE
(CoupleVAE) for predicting perturbation responses of scRNA-Seq
data. CoupleVAE is a probabilistic graphical model that contains
an inference process, a coupling process and a generative process.
The key advantage of CoupleVAE is that the coupling process
could learn the nonlinear mutual transformations between the
controlled and the perturbed cells in latent space, which explains
how the controlled cells respond to the perturbations.

Our approach not only enables predictions of SARS-COV-2
infection response of cells, IFN-8 stimulation across different cell
types, and it could also predict lipopolysaccharide (LPS) perturba-
tion of single cells from other species, with better performance
than existing methods.

Materials and methods

We formulate the perturbational single-cell RNA sequencing data
prediction problem as follows. Let X, and x;, be the vectors repre-
senting the RNA sequencing data for a single cell before and after
some perturbation. We aim to learn a predictive model P(xy|x.)
based on the training pairs (i, x\}}Y .

Variational autoencoder

VAE [28] is a network structure to learn a generative process for
multi-dimensional variable x through a latent variable z based on
N iid. samples X = {x}}}' | of x. It assumes a generative process
that consists of generating z' with a prior distribution Py(z) and
generating x! from a conditional distribution P,(x|z), where the
parameters 6 for the latent variables z' are unknown. By intro-
ducing an encoder Q,(z|x) to approximate the true intractable
posterior Py(z|x), the evidence lower bound (ELBO) of the marginal
likelihood log Py (x') [29] can be written as:

L(®,¢;X) = Eq, ) [10g Py (X]2)] — KL(Qy(2IX) || Ps(z), (1)

_ ®) Jg :
where KL(pllqg) = — [, px)log %dx is the KL Divergence for

two distributions p and q. The VAE jointly learns parameters
¢ in the encoder Qu(z|x) and parameters ¢ in the decoder
Py(x|z) by maximizing the ELBO L0, ¢; %)), where the first term
represents the reconstruction likelihood and the second term

ensures that the learned distribution Q is similar to the true prior
distribution Py.

In order to estimate the ELBO based on the given data points,
the VAE takes prior of z as Py(z) = N(z0,I), and assumes
the variational distribution Q,(z|x) is a multivariate Gaussian
distribution

logQ‘p(z|xi) =log N (z; ul, aizl),

where u' and o' are outputs of encoder for x'. The VAE further uses
the reparameterization trick z"' = u!' + o' © €, ! ~ N(0,1), where
® means element-wise product, to sample from the posterior
Qg (z|x). By sampling z' L times, the ELBO of the model can then
be estimated as:

o1 . .
L£O,¢;%) ~7 > (logPy(x'|z") — KL(Qy(@IX)IIPs(2).  (2)

=1

The VAE makes use of two neural networks as encoder and
decoder, and applies Adam [30] to optimize the objective. The
encoder network with parameters ¢ takes x! as input and outputs
the parameters (u and o) in the approximate posterior Q,(z|x).
By generating z' from this posterior distribution as an input, the
decoder network with parameters 6 outputs the parameters in the
conditional distribution Py (X|2z).

CoupleVAE for perturbational single-cell
RNA-sequencing data prediction

CoupleVAE is developed under the framework of VAE. The work-
flow of CoupleVAE is shown in Figure 1. It aims to predict the
responses of single cells measured by scRNA-Seq data after a
specific type of perturbation. It takes the gene expression of
controlled and perturbed cells as training data, and consists of an
inference process (encoder), a coupling process (coupler), and a
generative process (decoder). The inference process includes two
independent encoders to obtain the lower-dimensional represen-
tation of cells under the control and the perturbation condition,
respectively, in two separated latent spaces. Then the coupling
process translates the two latent vectors using nonlinear transfor-
mations into the latent space of different conditions as a coupler.
Finally, with the generative process by decoders, controlled cells
and perturbed cells are reconstructed from the encoded vectors
and the translated vectors in the same latent space, respectively.
The details for the inference process, generative process, and
variational lower bound are described as follows.

Inference process

CoupleVAE contains two recognition models in the inference pro-
cess, which independently produce the latent variables z. and z,
from the input %, and x,, respectively. The true posteriors of z.
and z, are denoted as Py(z:|X.) and Py(z,|x,), respectively. Since
it is intractable to calculate the integral of posterior as in VAE,
we introduce a distribution Q parameterized by ¢ to approximate
the true posterior. Due to the independence of the two recognition
models, the approximate posterior can be written as

Qy(zc, Zp|Xc, Xp) = Qg (Zc|Xc) - Q¢(zp|xp)~ (3)

In practice, the CoupleVAE takes the prior over the latent
variables z. and z, as Py(z;) = AM(0,1) and Py(z,) = N(0,I), and
assumes approximate posterior distribution to be multivariate



CoupleVAE | 3

CoupleVAE architecture

-
7 N
cells cells
[7/] g ~
g X Encoder ) Decoder| S Xc
o o
ZC iC
cells ~ cells
Zp Zp
§ x Coupler § )’Z
g P [Encoder ) Decoder, g P
enurbed \\ [ | [ | L
e ~ Inference Process Coupling Process Generative Process _
—_——— e —

Figure 1. Workflow of CoupleVAE. CoupleVAE takes the gene expression of controlled cells (xc) and perturbed (x,) cells as input. The whole procedure
includes three processes. Inference process: the latent representations z. and z, of controlled cells (x.) and perturbed cells (xp) are obtained by
two encoders. Coupling process: z is transformed to Z, through a nonlinear mapping, and z, is transformed to Z. through inverse mapping by the
coupler. Generative process: gene expression of the controlled cell (%) and the perturbed cell (%p) are reconstructed from z, 2. and zp, 2, through
the corresponding decoder. Components of this figure are created using Servier Medical Art templates, which are licensed under a Creative Commons

Attribution 3.0 Unported License from https://smart.servier.com.

Gaussians

Qp(2c|xe) = N (zZclmy,, 05), Qs (2Zpl%p) = N(zZclmy,, 05).  (4)

Coupling process

CoupleVAE assumes a coupling process of two hidden variables in
the latent space, that is, latent variable z. and z, are transformed
to z, and z. via conditional distributions Py(2,|2.) and Py(Z|zp),
respectively.

It realizes the mutual translation between the controlled cell
and the perturbed cell in the latent space by forcing 2, (2.) and z,
(z) tobe close. This connects the inference process and generative
process.

By assuming the independence between the two coupling dis-
tributions, as shown in Figure 1, we could have

Pe(icyﬁp‘zozp) = Pé(ic|zp)P€(ip|zc)< (5>

In practice, CoupleVAE takes the coupling distributions as multi-
variate Gaussians:

Py(Zp|ze) = N(Zylmy, 03), Po(Zelzp) = N (Zclpe, 7). )

Generative process

CoupleVAE includes two generative processes. One is to recon-
struct X, and x, from z. and z, respectively, which is the same
as VAE, and the other is to reconstruct x. and x, from hidden
variables Z, and 2, respectively. As shown in Figure 1, CoupleVAE
generates x, for the perturbed cell from the translated latent
vector Z. through Py (%,|2.), while generates x. for the controlled
cell from the translated latent vector 2, through Py(xc|2,).

By assuming the independence of the generative process for x,
and x., which is also shown in the graph model in Figure 1, we
could have generative model Py(Xc|2Zp), Ps(Xp|2Zc) (reconstruction)
and Py (Xc|2p), Py (Xp|2c) (transform-reconstruction). In practice, the

CoupleVAE takes the generative probability as

Po(XplZp) = N (Xplz,, 05 ), Po(Xcl2z0) = N (Xelbty, 05),  (7)

Py (Xp|2p) = N'(Xp|15,, 03 ), Po(Xel20) = N (Xels, 03).  (8)

Variational lower bound

To learn the inference, coupling and generative processes based
on training pairs, the objective of CoupleVAE is to maximize a
sum over the log likelihood of the pairs of cells (x.,%,) in the
training set,i.e. 3" log Py (Xc, Xp). We theoretically prove that the log
likelihood of joint distribution for (xc, x,) has the following lower
bound:

logP9(ch xp) 2 E(XCY Xp)y

1 A A
L ZE(EQP(ZC\XC)[IOgPS (xplzp)]+ E%(zp\xp)[logpé (xc|zc)]

L trans—recon

+ Eq,z,1x,) [108Ps (Xp|2p) ] + Eq, 2.1 [108Po (Xc2c)]

Lrecon

— KL(Qp (Zc|%) [P (2c)) —KL(Qy (Zp|Xp)| [P (2p))

Lregu

+ IEQMZC\XC) [10gP9 (2p‘zc)]+]EQ,,,(zp\xp) [logpe(ic|zp)])- (9)

L couple

From the equation (9), the ELBO consisting of four items is
formulated as:

1
L= §(£trans—recon + Lrecon + Lregu + [fcouple)v (10)

where reconstruction errors Lirans—recon aNd Lrecon are to minimize
the similarities between the generated cells and the true cells,
regularization term Lregu is to ensure the closeness between
posterior distributions of z, and z. and the prior distributions,
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and the coupling loss Lcouple €nables the mutual translation in
the latent space, i.e. the transformed z: (or transformed zy) is
similar with z, (or z) in the latent space. Furthermore, the inde-
pendence assumption is mainly used to simplify the derivation
of the ELBO. Nevertheless, the two processes are fundamentally
connected through the joint likelihood, which is constrained by
the ELBO. The CoupleVAE model learns the nonlinear intertrans-
formation between control and perturbed cells in latent space
through a coupling process. This approach captures the complex
dynamics of cells when perturbed, providing new insights into
the mechanisms of cell state transition. More details of the the-
oretical and empirical loss function are shown in Supplementary
Note 9.

The workflow of CoupleVAE is shown in Figure 1. Let X, and x,
represent the gene expression for a controlled and perturbed cell,
respectively. CoupleVAE first learns the posterior distributions
Qp(Zc|xc) and Qu(zy|xy) corresponding to the latent variables z
and z, for the controlled and perturbed cell by two encoders,
respectively. The two latent variables are then mutually trans-
lated with conditional distributions P(2,|zc) and P(Z|z,) into the
latent space of different conditions via coupling process. Finally,
CoupleVAE generates gene expressions for controlled cells and
perturbed cells by two decoders from translations 2, and Z,
respectively. In CoupleVAE, the coupler contains a perturbation
process ‘z. — 2,’ and a restoration process ‘z, — . in the latent
space. The perturbation process 'z — 2,’ of the model in the
latent space corresponds to a perturbation applied to the control
cells in real biological experiments, while the restoration process
‘zy — 2. in the latent space refers to the restoration of the cells
from the perturbed state to the control state. Our model aims
to infer the two processes by maximizing the joint likelihood of
the given scRNA-seq for both states. Both the perturbation and
restoration processes are assumed to occur in a latent space. Bio-
logically, a specific perturbation primarily affects latent unknown
factors of cells, influencing not only gene expression but also gene
regulatory relationships, pathways, and cell-cell communications.
Utilizing latent factors rather than gene expressions in the input
space offers a more intuitive and systematic approach for gener-
ating profiles of perturbed cells.

Experimental design

Our experiments are divided into two setups: independent-and-
identically distributed (i.i.d.) and out-of-distribution (0.0.d.).

e ii.d. Setup. For the ii.d. setup, we used the COVID-19 and
peripheral blood mononuclear cell (PBMC) datasets. In this
setup, the data are randomly split into training, validation,
and test sets in an 8:1:1 ratio. After splitting the training and
testing sets using cross-validation, we balanced the samples
in the training and test sets so that each cell type contains an
equal number of control and perturbational cells. Specifically,
for each cell type, we first determined the minimum number
of cells M across the two conditions, and randomly selected
M cells from the condition with more cells (undersampling).
This ensures that each cell type has an equal number of
cells under both conditions. During the training process, Cou-
pleVAE is fed cells in controlled and perturbed states from
the same specific cell type. In the latent space, the model
constructs the transformation from cells in the control state
to cells in the perturbed state. Finally, the cells in the latent
space are passed through the decoder to reconstruct cells. For
prediction, we input the controlled cells from the testing set
into the encoder, which transforms them into a latent vector

thatis then perturbed. After passing through the decoder, the
output is the predicted data.

e o0.0.d. Setup. In the o.0.d. setup, the model does not have
access to cells in the holdout condition. This setup is used
with the LPS6 dataset. When predicting a perturbation for a
particular cell type, the training data consist of all cell types
except the one being predicted. For the cross-species predic-
tion task on the LPS6 dataset, we used two training strategies
corresponding to two models: condition-CoupleVAE and
species-CoupleVAE. For condition-CoupleVAE, we use the
cells from all species in the control state of the training set
(red box in Fig. 4a) as x., and the cells from all the species
in the LPS state as x,. For species-CoupleVAE, we use mouse
cells in the training set (red box in Fig. 4e) as x. and rabbit
cells as x,. We input the mouse cells in the LPS state as the
test data into species-CoupleVAE, and finally get the rabbit
cells in the LPS state.

Results

The experiments are done for three datasets including: the
COVID-19 dataset with SARS-COV-2 infected cells, the PBMC
dataset with IFN-g stimulation cells, and the LPS6 dataset with
LPS6 stimulation for different species, with all dataset having
their corresponding controlled cells. The following experiments
show that CoupleVAE is able to predict the cells’ response to
perturbation more accurately compared to the existing popular
methods, and it enables cross-species perturbation prediction for
an unseen species.

CoupleVAE accurately predicts response to
SARS-COV-2 infection

This dataset contains cells from the COVID-19 dataset sum-
marized by Lotfollahi et al. [31](Fig. 2a), where the samples are
collected from patients of different ages. We select six cell types
in two conditions (control and severe COVID-19) and use the
independently-and-identically distributed (i.i.d.) setting proposed
by Bunne et al. [32](see Section 2) to predict the single-cell
responses to SARS-COV-2 infection. For example, in predicting
macrophages’ response to perturbation, the training data contain
only the cells of type macrophages. To evaluate the performance
of CoupleVAE, the scRNA-Seq data for all six cell types after
infection with SARS-CoV-2 are predicted and compared with
the real perturbational data. We compare CoupleVAE with five
single-cell perturbation prediction methods: scPreGAN [20], trVAE
[22], scGen [21], scPRAM [25] and scVIDR [26], and one machine
learning method CVAE [23], which has recently been adapted to
preprocessing, batch-correcting and differential testing of single-
cell data [17].

We first calculate the correlations between the predicted and
the real expression of all genes for each specific cell type, which
are measured by the square of Pearson correlation coefficient
(PCC) R?. Figure 2b and Supplementary Figure Sla report the
boxplot of R? for all genes and the top 100 deferentially expressed
genes(DEGs), respectively. Results for the compared methods are
also presented. Here, the DEGs are obtained by Scanpy [33] based
on the controlled and real perturbational scRNA-Seq data. Coupl-
eVAE can obtain the highest or competitive R? values for all cell
types, which implies that it could simulate reliable gene expres-
sion levels after SARS-COV-2 infection. CoupleVAE also obtains
significantly higher correlation value Rfop 100 DEGs fOT top 100 DEGs
(shown in Supplementary Figure Sla and Table S21).


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf126#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf126#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf126#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf126#supplementary-data

CoupleVAE

celltype condition
e CD8T L
® Macrophages -, B .
~ ~ e n
% ® NK Yy o w e control
% : glee::;):):;ll % - N B d ® severe COVID-19
e mDC 3 @' SOC o - dﬁa
"
UMAP1 UMAPL
b Secretory NK mDC Macrophages CD8 T Neutrophil
scPreGAN
0.0 + 0875 £ 09 = tVAE
0.85 scGen
0.95
085 0.850 + 08 = CVAE
’ ScPRAM
080 0.825 0.80 07 &= ScVIDR
0.90 07 CoupleVAE
2 0.75 0.800
8 0.75 06
i 070 0775 06
0.85
0.65 0.750 0.70 0.5
0.60 0725 05 04
0.65 0.80
0.55 0.700 + 0.3 +
0.50 0.675 060 0a Lo
c CoupleVAE_Macrophages scGen_Macrophages CVAE_Macrophages
6 .
° 6 6
5
5 5
4
p— — 4 —_ 4 L
g 3 g 3 g 3 IFITMY, $CL2
RSAD?. 8°
2 2 . 2| cog ~".'.’
2 -
1 R genes= 0.98 1 3 R genes= 0.95 1 .'1 o R2)/ genes= 0-87
Rfop 100 es= 099 R%p 100 pEGs= 0.94 st %9 RZ,5 100 pes= 0.87
0 0 0
0 1.5 3 4.5 0 2 4 6 0 1 2 3 4 5
pred pred pred
Neutrophil_ctrl NK_ctrl 4
Neutrophil_real_pert | * ® ? <> , PP - > L 4 NK_real_pert -
CoupleVAE 4 ’??”Ooof’ CoupleVAE -
\ P A PreGAN -
SCPreGAN 4 <> v e > scPref )
PLLLO P : vAE | <
trVAE o N - o
scGen 4 . ‘ . . scGen 4 £ \/j * Median expression
o Median expression CVAE & | <> s in group
CVAE - \ in group AW ,__
|_<— — 7T I
T T T T T T T T T T L, T 4 o MmN o N 1 QaoZ oM 0 2
S <54 <0 d < §kE
cfapgggsgeg ©° o2 ¢ EofRdgegsgE
SEZE5IZEE S EEPEgET
< 2 S 8 & = & x <
= — =
e i f -
COVID-19
Neutrophil_ctrl 4 - @® o - ®©@ 0 @ ° @
Neutrophil_real_pert 4 o e . ‘ . [ X 2 [ ] Fraction of cells
CoupleVAE A 0000000 - - @O in group (%) 70
SCPreGAN7 © © O O OO O O O O @c| 0000 :o
o 8
scGenq ° c - O0O0@® O 00 o e o 0| 20406080100 550 = oo
CVAE - @ - o © © @ | Mean expression S40 = e
trvVAE{ () Q000000 OO0 in group 530 = copevie
2
“Ldp8eYgpzzaE28g 00 25 £2
8§EgBEcc288ESS o
o j- o=k = 300
0
a < N
L T I I @ w «© N\adop‘\ﬁges oo® oo™
Cell-type Uniform  Cell-type-specific
specific  SARS-CoV-2 SARS-CoV-2
markers markers markers
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SARS-COV-2 infection. (b) Comparison of correlations between the real expression of all genes with SARS-COV-2 infection and the predicted using seven
methods. R? denotes the square of the PCC between the means. (c) Correlation comparison between the real mean values of 6000 genes’expression in
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To examine the details of the predicted gene expression, we
take a further look at the average of the predicted and real
expression level for each gene in the cell type macrophages in
Figure 2c and other cell types in Supplementary Figures S2 and
S3. Each point in the figure represents the average expression
value of one gene across all cells in a given cell type. Compared
to the two competitive methods scGen and CVAE, the expression
level obtained from CoupleVAE tends to gather more closely
to the real expression, and the Rgu genes reaches 0.98, which is
higher than that of scGen (0.95) and CVAE (0.87). In particular,
CoupleVAE predicts much more accurate expression values for
the top 100 DEGs with R{,; ;00 pggs being 0.99, compared to that
of scGen (0.94) and CVAE (0.87). The top five DEGs predicted by
CoupleVAE also show a higher correlation with the real expression
as marked in Figure 2c. We further examine whether the predicted
gene expression distribution for each specific gene is close to
the real distribution by looking at each of the top 10 DEGs in
different cell types. Figure 2d shows the violin plots of the top
10 DEGs in neutrophil and NK cells, respectively, using the five
different methods. CoupleVAE achieves more similar expression
distributions for most of these genes in these two cell types, which
implies that CoupleVAE could predict perturbational scRNA-Seq
data with better accuracy. The violin plots for other cell types are
also presented in Supplementary Figure S1b.

In addition, CoupleVAE can successfully predict gene regu-
lation patterns such as no regulation, shared regulation across
all cell types, and specific regulation for one cell type. We use
previous description of marker genes for three different gene
regulation patterns: cell-type-specific markers corresponding to
no regulation [34-38], uniform SARS-Cov-2 markers correspond-
ing to shared regulation [37], and cell-type-specific SARS-Cov-2
markers corresponding to specific regulation [37]. Figure 2e and
Supplementary Figure S4 show that the gene regulation pattern
after infection could be captured accurately by CoupleVAE. Cell-
type-specific markers show no expression changes before and
after perturbation such as gene CCL5 and HLA-DPB1. Uniform
SARS-Cov-2 markers change similarly for all cell types, for exam-
ple, ISG15, IFIM2, IFIM3, and IFIT2 are upregulated for all cell types
after perturbation. Cell-type-specific SARS-Cov-2 markers change
differently for different cell types, for example, SARS-Cov-2 gene
DEFA3 is downregulated only for neutrophils cells, and LCN2 is
downregulated for neutrophils cells and upregulated in secretory
cells. These results imply the ability of CoupleVAE in accurately
predicting the gene regulation patterns after infection. Different
cell types may respond differently to the same perturbation, and
CoupleVAE is able to distinguish between these cell type-specific
responses to avoid prediction bias.

Finally, CoupleVAE is further evaluated by comparing the iden-
tified DEGs. Once the perturbational gene expressions are pre-
dicted, one of key downstream applications can be estimating
DEGs by comparing the expression levels of control cells with
those predicted for the perturbed cells, and thus detecting per-
turbation effects. The DEGs are identified using the methods in
Scanpy [33] following the setting in scPreGAN [20]. That is, we
take the top 100 DEGs between the controlled data and the real
perturbational data as the ground truth, and identify the top
100 DEGs from the controlled data and the predicted data as
the predicted DEGs. Then the number of the overlapping DEGs
is computed. A higher percentage implies a more reliable model
for predicting perturbational data. As shown in Figure 2f, among
the five methods on the six cell types, CoupleVAE shows its
better ability in identifying the ground truth DEGs. Particularly,
CoupleVAE could identify more than 50 ground truth DEGs for all

cell types, and even more than 80 DEGs for neutrophil cells among
the top 100 DGEs.

CoupleVAE accurately predicts cell response for
IIN—pB treatment

We benchmark against a single-cell gene expression dataset
containing 7217 N — g stimulated and 6359 controlled PBMCs
from eight different human lupus patients. Stimulation with
IN — 8 induced significant changes in the transcriptional profile
of immune cells, which resulted in visible changes between
control and stimulated cells. CoupleVAE and the four comparison
models are applied to predict the single-cell responses after IFN-8
treatment. Similar to the strategy used for the COVID-19 dataset,
we follow the i.i.d. settings for training and testing.

The performance of CoupleVAE is first evaluated by comput-
ing the square of PCCs R? between the predicted and the real
gene expression levels of either all genes or the top 100 DEGs,
as shown in Figure 3a and Supplementary Figure S5a, respec-
tively. The results show that CoupleVAE more reliably predicts
perturbation responses in most cell types. For NK cells and CD8
T cells, the predictions from CoupleVAE and scGen are compara-
ble. For CD14+Mono cells, the predictions from CoupleVAE closely
resemble those from scPRAM and scVIDR.

The details of the predicted expression level for each gene
are further explored by looking at the distribution compared to
the real expression in each specific cell type. Figure S5b plots
the mean of the predicted expression by CoupleVAE and the real
expression for each gene in cell type FCGR3A+Mono, which shows
that the dots are concentrated around the straight line. Partic-
ularly, among all the genes, the predicted of the top five DEGs
lie closely to the real ones. This implies that CoupleVAE could
produce gene expression close to the real expression. Results
for other cell types are shown in Supplementary Figures S6 and
S7. Furthermore, Figure 3c compares distribution of the predicted
andreal gene expression for gene IFITM3 (the top response gene to
IN-B) in cell type FCGR3A+Mono(F-Mono). Supplementary Figure
S5b shows the violin plots for the other five top DEGs. The violin
plots show that CoupleVAE predicts the expression distribution
most similar to the real one.

CoupleVAE could predict the gene regulations responding to
the treatment similar to those in the real treatment data. The
visualization of CDAT cells by UMAP [40] before and after treat-
ment in Figure 3d shows that the predicted perturbational scRNA-
Seq data by CoupleVAE is similar to the real one, and Figure 3e fur-
ther gives some examples where the predicted expression values
of three genes (ISG15, IFI6, ISG20) show the same tendency of up-
regulation as the real ones in CD4 cells. Supplementary Figures
S8 and S9 show the same results for the other six cell types.
Supplementary Figure S10 shows the results of the four compar-
ison methods on seven cell types. Figure 3f and Supplementary
Figure S11 show how the different methods predict regulation
styles for cell-type-specific markers, uniform IFN-8 markers and
cell-type-specific IFN-g markers for F-mono cells [41]. Couple-
VAE could predict the regulation pattern better than the other
methods. For example, in F-Mono cells, scGen fails to identify the
upregulation for some uniform cell-specific IFN-8 markers DEFB1
and CCLS8 after treatment, CVAE misses the upregulation of other
cell-specific IFN-8 markers, including IFIT1, CXCL20, and CXCL11.
Meanwhile, trVAE predicts all genes as upregulated. Figure 3g
finally gives the number of common DEGs between the top 100
predicted DEGs obtained by predicted perturbational scRNA-seq
and top 100 ground truth DEGs obtained by real scRNA-seq data.
For six of the seven cell types, CoupleVAE could identify the
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highest number of true DEGs, which implies that the predicted
perturbational scRNA-Seq captures the regulation information
the best.

By predicting changes in gene expression, CoupleVAE helps us
tounderstand changes in cellular function in response to different
perturbations. For example, up- or down-regulation of specific
genes can reveal the mechanisms of cells in response to stimuli
or infections. This predictive capability is crucial for deciphering
the complex regulatory networks that govern cellular behavior. It
allows researchers to identify key regulatory genes and pathways
that are modulated under various conditions, providing insights
into the underlying biological processes.

CoupleVAE accurately predicts cross-species
perturbation responses

CoupleVAE could also be applied to predict cross-species pertur-
bation responses, either under the same or different conditions.
We collect the scRNA-Seq data [39] that study the evolution of
innate immunity programs of mononuclear phagocytes within
different species, including pigs, rabbits, mice and rats. The pri-
mary bone marrow-derived mononuclear phagocytes are stimu-
lated using lipopolysaccharide (LPS) for 6 hours. The data include
two groups: control phagocytes and phagocytes perturbed by LPS
for 6h.

We refer to the task of predicting perturbations across species
as out-of-distribution (o.0.d.), where unlike the previous two
datasets, we expect different species respond to the stimulation
differently. The cross-species perturbation prediction can be
formulated as two scenarios. One is to train the prediction model
using data from all species to predict the response of one of these
species (Fig. 4a), and the other is to train the model using one
specific species to predict the perturbation response of another
species (Fig. 4e). Corresponding to these two scenarios, we set
up two different training strategies: condition-CoupleVAE and
species-CoupleVAE, where condition-CoupleVAE explains the
differences of stimulation responses in all the considered species
and species-CoupleVAE explains the transformations across
different species.

Condition-CoupleVAE trains the model using controlled and
perturbed data for single cells from different species as shown
in Figure 4a, and aims to predict the responses to perturbation
for one specific species based on its own controlled data. For
example, mouse controlled cells can be used as test data to predict
the responses to LPS of mouse with the trained model. Figure 4b
shows the results for different models in predicting the response
of the four species to the perturbation. CoupleVAE achieves the
highest R? in all the four species. To further explore whether the
predicted data from each method match the distribution of the
real data, we combine the predicted data from the four species
with the real data, and visualize the distribution using UMAP.
As shown in Figure 4c, the predicted data do not get close to
the real perturbational data using the four comparison methods,
and the predicted data of trVAE and CVAE even overlap with
the controlled data. In contrast, the predicted data of CoupleVAE
is closer to the real data. This is due to the fact that Couple-
VAE interconverts the distributions of the data under the two
conditions in the latent space, which makes the generated data
closer to the real data. More detailed explanations of the data
distribution in the latent space are provided in the Supplementary
Figure S13 and Supplementary Note 5. We then select six DEGs
that are differentially expressed before and after the mouse is
perturbed by LPS, and study their predicted distribution using five
methods (Fig. 4d). For gene Ccl3, Sod2, Cflar, CoupleVAE predicts
the entire distribution well. For some other genes (Cd44, Srgn),

their distributions are closer to the true distribution compared to
other methods. The predicted gene distributions associated with
LPS perturbations for the other three species are shown in the
Supplementary Figure S14.

Species-CoupleVAE is to predict the perturbation responses
of one species based on the perturbational data from another
species and the controlled data of both species. As shown in
Figure 4e, the training data are rabbit and mouse cells in the
control state, and the model predicts mouse cells perturbed by LPS
from rabbit cells perturbed by LPS. Figure 4f demonstrates the R?
for the perturbational mouse cells predicted by different models
from the other three species. CoupleVAE gives much higher R?
than all the other four methods. Figure 4g shows UMAP plots
of the predicted perturbational data of mouse cells from rabbit
cells. Each plot contains rabbit and mouse cells in the control
and LPS states, as well as the predicted expression for mouse
cells perturbed by LPS for the five methods. Among them, the
predictions of scGen and trVAE are close to the mouse cells in the
control state. For CVAE, its predicted data partially overlap with
rabbit cells in the control state. As for scPreGAN, the predicted
data still partially overlap with the mouse cells in the control
state. The predicted data of CoupleVAE do not get close to rabbit
and mouse cells in control state, and they are closer to the real
data distribution. Figure 4h is similar to Figure 4d, where the same
genes are picked to study the prediction of gene distribution
by species-CoupleVAE (training data are in Fig. 4e). CoupleVAE
predicts the distribution of the above mentioned genes better.

CoupleVAE is able to make predictions of perturbation
responses across species, which is important for investigating
mechanisms of differential responses between species. For
example, the response of different species to the same drug
can help determine the drug’'s generalizability or specificity.
Understanding these differential responses is crucial for trans-
lational research, as it can reveal species-specific pathways
and genetic factors that influence drug efficacy and safety.
This cross-species predictive capability enables researchers to
identify conserved and divergent biological mechanisms, which
can inform the development of more effective and targeted
therapies. By leveraging CoupleVAE's cross-species prediction
power, scientists can gain a more comprehensive understanding
of how different organisms respond to perturbations, leading to
better models of human diseases and more accurate predictions
of treatment outcomes.

Discussion

Perturbations in biology reveal how cells respond to external
stimuli, such as drug therapy, gene knockout, and viral infection.
Studying these responses enhances our understanding of cell
function and biological dynamics. This work introduces Coupl-
eVAE, a novel deep generative model for predicting single-cell
responses to perturbations using scRNA-seq data. CoupleVAE con-
sists of two encoders, a coupler and two decoders, which do not
share parameters between them. It transforms latent variables to
ensure predicted cells closely match real perturbational cells. By
constructing the transformations between the latent vectors for
different conditions, it effectively learns the effects of perturba-
tions in a low-dimensional gene expression representation. Exper-
iments on COVID-19, PBMC and LPS6 datasets show CoupleVAE'’s
effectiveness in mean gene expression prediction, DEG detection,
and response marker expression prediction.

Although CoupleVAE works well for most cases, it is far from
perfect, for example, when predicting NK cells in the PBMC
dataset and the COVID-19 dataset. This may be due to the small
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Figure 4. Cross-species single-cell response prediction. (a) The LPS dataset contains four species: rat, rabbit, pig, and mouse. The first row represents
the controlled species, and the second row is the species perturbed with LPS for 6 hours. Experimental setup of condition-CoupleVAE: data in box are
used for training to predict unseen LPS perturbed mouse cells from mouse controlled cells. (b) Prediction comparison for rat, rabbit, pig, and mouse
cells perturbed by LPS from the corresponding cells in a healthy state, respectively. R? for the average expression of all genes are compared between real
and predicted cells from different models. (c) UMAP visualization of controlled data, real perturbational data and predicted perturbed data using five
methods for all species. (d) Distribution of LPS-responsive genes (Ccl3, Sod2, Cflar, Cd44, Srgn [39]). (e) Experimental setup of species-CoupleVAE: data in
red box are used for training to predict unseen LPS perturbed mouse cells from LPS perturbed rat cells. (f) Prediction of mouse cells’ responses to LPS
from rat, rabbit, and pig cells perturbed by LPS, respectively. (g) UMAP visualization of controlled data, real perturbational data for mouse and rabbit,
and predicted mouse perturbational data. (h) Distribution of LPS-responsive genes(Ccl3, Sod2, Cflar, Cd44, Srgn [39]). Vertical axis: expression distribution
for genes. Horizontal axis: control, real and predicted distribution by different models. Part figures (a) and (e) were created using Servier Medical Art
templates, which are licensed under a Creative Commons Attribution 3.0 Unported License; https://smart.servier.com.
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sample size of NK cells, or the complex role of NK cells in the
immune system. For example, it has been shown that the severity
of COVID-19 disease is associated with reduced NK cell numbers,
NK cell exhaustion and lack of certain mature effective NK cell
phenotypes [42, 43]. The mapping of interconversions between
conditions in latent space will be designed to be more complex in
order to capture complex perturbation response information. In
addition, cross-species perturbation prediction is an interesting
direction of research, since there are still many species with differ-
ential response mechanisms among them that are not yet known.
This brings a great challenge to the prediction problem. Recent
advancements in perturbation modeling based on gene regulatory
networks (GRNs), such as GenKI [44], offer new avenues for explo-
ration. GenKI utilizes a variational graph autoencoder to learn
latent relationships between genes through GRNs. In future work,
we can use advanced network-based algorithms such as SLNMF
[45], MCGL [46], scGDC [47], and sLMIC [48] to process GRNs. By
leveraging these algorithms, we can understand deeper insights
into the effects of perturbations on biological mechanisms.

Conclusion

In summary, the application of CoupleVAE in biological research
demonstrates the great potential of deep learning models in
predicting and explaining complex biological phenomena, helping
us to better understand the mechanisms of cellular responses to
different perturbations, and thus advancing disease research and
drug discovery.

Key Points

e Coupled variational autoencoders (CoupleVAE) is a deep
generative model based on coupled variational autoen-
coders designed to predict single-cell RNA sequencing
responses to perturbations. A theoretical variational
lower bound on the log-likelihood of the joint distribu-
tion was proved in the work.

e CoupleVAE encodes gene expressions of controlled and
perturbed cells into latent variables, which are then
translated through a coupling process with conditional
distributions. It generates gene expressions from these
translated variables via two decoders.

e The experiments were conducted on three datasets:
COVID-19, IFN-B stimulation, and cross-species
lipopolysaccharide perturbation. The results
demonstrated that the CoupleVAE model surpasses
existing comparative models in effectively predicting
single-cell RNA-seq data for perturbed cells, achieving
superior accuracies.

Supplementary data

Supplementary data is available at Briefings in Bioinformatics
online.
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