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Abstract

Cells interact with each other for proper function and homeostasis. Often, co-expression of ligand-receptor pairs

from the single-cell RNAseq (scRNAseq) has been used to identify interacting cell types. Recently, RNA sequencing

of physically interacting multi-cells has been used to identify interacting cell types without relying on co-expression
of ligand-receptor pairs. This opens a new avenue to study the expression of interacting cell types. We present Deep-
Doublet, a deep-learning-based tool to decompose the transcriptome of physically interacting two cells (or doublet)
into two sets of transcriptome. Applying DeepDoublet to the doublets of hepatocyte and liver endothelial cells (LECs),
we successfully decomposed into the transcriptome of each cell type. Especially, DeepDoublet identified specific
expression of hepatocytes when they are interacting with LECs. Among them was Angptl3 which has a role in blood

vessel formation. DeepDoublet is a tool to identify neighboring cell-dependent gene expression.
Keywords Doublet decomposition, Cell-cell interaction, Deep learning, Single-cell RNA sequencing

1 Introduction
Cells interact with other cells continuously to main-
tain homeostasis and function properly [1, 2]. During
development, for instance, cell communication plays a
role in specifying fates including gonadogenesis, vul-
val, and neurogenesis [3]. This suggests that a cell and
its transcriptome can be influenced by the surrounding
microenvironment.

Single-cell RNA sequencing (scRNAseq), by reveal-
ing transcriptomic information of a cell, provides infor-
mation about cell heterogeneity [4]. Various clustering

*Correspondence:

Byung-Kwan Lim

bklim@jwu.ac.kr

Kyoung Jae Won

kyoungjae.won@cshs.org

! Cancer Institution, Cedars-Sinai Medical Center, Los Angeles, CA, USA
2 Department of Bioinformatics, Soongsil University, Seoul, Korea

3 School of Systems Biomedical Science, Soongsil University, Seoul, Korea
4 Department of Biomedical Science, Jungwon University, Goesan-Gun,
Chungbuk, Korea

° Department of Computational Biomedicine, Cedars-Sinai Medical
Center, Los Angeles, CA, USA

B BMC

algorithms [5, 6] were applied on scRNAseq data to iden-
tify cell types and the associated marker genes. However,
it is still not enough to study the transcriptomic changes
due to the surrounding microenvironment.

We hypothesize that cell interaction can change the
transcriptome of a cell. A well-known example is the co-
expression of ligands and receptors of the interacting cell
types [7]. However, there are diverse ways of cell com-
munications besides ligand-receptor including direct cell
communication through gap junctions [8, 9]. It is still dif-
ficult to understand the gene expression changes due to
cell interaction as the neighboring cell information is lost
in the scRNAseq.

Recently, the transcriptome of physically interact-
ing multi-cells was measured to identify interacting cell
types without relying on ligand-receptor expression
pairs. ProximID identified the interacting cell types in
the bone marrow and small intestine in mice after mildly
dissociating cells to obtain two or more cell clumps [10].
ProximID identified the interaction of Lgr5-expressing
stem cells with Tacl-expressing enteroendocrine cells
in murine intestine. ProximID employed a random
forest approach to predict interacting cell types [10].
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Physically interacting cells followed by sequencing (PIC-
seq) was applied to interrogate interactions of immune
and epithelial cells in neonatal murine lungs [11]. T
cells engaged in interaction with epithelial cells showed
gene expression statistically different from the cells not
engaged in the interactions. Paired-cell RNA sequencing
(pcRNAseq) [12] exclusively selected the interacting cells
of liver endothelial cells (LECs) and hepatocytes by sort-
ing cells based on size and CD31, a marker for endothe-
lial cells [13]. pcRNAseq has been applied to identify the
zonational expression of LECs with the guide of the zona-
tional expression markers in hepatocytes.

The physically interacting multi-cells have mainly
been used to identify interacting cell types. However, the
expression of individual cells comprising the interacting
cells was not well studied. To determine the transcrip-
tome of two-interacting cells, we developed DeepDou-
blet, a deep-learning-based method that determines
two single cells comprising a doublet. DeepDoublet was
trained with artificial doublets and was tested in the pub-
lic pcRNAseq data. With the prediction of DeepDou-
blet, we further identified genes that are differentially
expressed in hepatocytes when interacting with endothe-
lial cells.

2 Materials and methods

2.1 Data description and preprocessing

Single-cell [12, 14] and pcRNAseq [12] data in adult
mouse livers were used for this work. The data includes
1415 hepatocytes, 1203 LECs, and 4602 doublets (hepat-
ocyte-LEC). From the 1415 hepatocytes and the 1203
LECs, 400,000 artificial doublets were generated to train
the models. Genes with at least 1 UMI in at least 4% of
cells of each cell type were selected. In total, 8676 genes
were used for model training.

2.2 Artificial doublet
Artificial doublets were obtained by randomly mixing
UMI count vectors of hepatocytes and LECs:

ArtUMIap = a x UMI4 + (1 — a) x UMIp

«€[0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9]

where ArtUMI g, UMI,, and UMI denote gene expres-
sion vectors of an artificial AB doublet, a cell with type
A and a cell with type B respectively. « is a mixing factor
randomly selected from the nine values.

2.3 Deep-learning-based decomposition

Two three-layer FCNNs were used to decompose hepat-
ocyte-LEC doublet. The numbers of nodes for the three
layers are 2048, 1024, and 512 in sequence. Doublets
were normalized to counts per million mapped reads/
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fragments (CPM) before feeding them into neural net-
works. Categorical cross entropy [15] was used as the loss
function. The Adam algorithm [16] was used to optimize
the two FCNNSs. The final model was trained on all arti-
ficial doublets. The value of the j-th node in the i-th layer
of an FCNN was calculated as follows:

xjj = o (Wijxi—1)

where w;; is the j-th row of the i-th weight matrix, x;_1
is the node vector of the (i—1)-th layer, and o represents
activation function. The rectified linear unit (ReLU) func-
tion is the activation function for the first three layers,
while the softmax function is the function for the last
layer.

ReLlU (z) = max(0,z)

Zi

softmax(z;) = fori=1,...,K,

K ez}

j=1

where K is the number of nodes in the output layer.

2.4 Logistic regression

Logistic regression was implemented using scikit-learn
[17] package in Python with default parameters for mul-
ticlass classification.

2.5 Differential expression analysis
By applying the 2 trained neural networks to 4602 real
hepatocyte-LEC doublets, 2 score vectors corresponding
to all hepatocytes and all LECs were assigned to each dou-
blet. The sum of each vector equals to 1 as the softmax
function was used as the activation function. We selected
hepatocytes and LECs that were scored more than 0.01
for downstream analysis. Most of the selected cells were
expected to be involved in hepatocyte-LEC interaction.
Multiple cells will be selected in LECs and hepatocytes,
respectively. Subsequently, Wilcoxon-Mann—Whitney
test [18] was applied between the selected hepatocytes
and the other unselected hepatocytes on all the available
genes. We assumed that the selected hepatocytes interact
with LECs and selected LEC interact with hepatocytes.

When selecting significant genes, the adjusted p-value
[19] 0.05 was set as the cutoff for Wilcoxon-Mann—Whit-
ney test. Logarithmic fold change was calculated in this
way:

Mean (Expy)+b

Mean (Expyy ) +b

Log(FC) = log,
where “Mean(Expy,)” is the mean expression value of
gene k for the cell group 1 and “Mean(Expy,)” is the
mean expression value of gene k for the cell group 2. b
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is a constant factor to alleviate the importance of lowly
expressed genes. It is set to 1 in our analysis. The gene
expression data used was processed with the Scanpy [19]
preprocessing pipeline. The gene expression values were
normalized to 10,000. Then, the normalized values were
transformed with natural logarithmic function:
Expiog = logfxp norm 1
Here, a constant value 1 was added to each normal-
ized expression value to avoid the case that the expres-
sion value is 0. After logarithmic transformation, we
regressed out the effects of total gene counts for each cell
and scaled gene expression across all cells using Scanpy
preprocessing functions [19].

2.6 Software used for analysis and model training
Single-cell and pcRNAseq data analysis was performed
with Scanpy 1.6.0. Clustering was done using Leiden
algorithm [20] implemented in Scanpy 1.6.0. Deep learn-
ing was implemented using Keras 2.2.4 [15] with Ten-
sorFlow-GPU 1.15.0 [21] as the backend in Python 3.7.4.
Logistic regression was implemented using scikit-learn
0.24.1 in Python 3.7.4.

2.7 Tissue staining

Mouse liver was snap-frozen by embedding in O.C.T. Tis-
sue-Tek (Sakura Finetechnical, Torrance, CA, USA) after
25% sucrose treatment using isobutane chilled in dry ice.
A 7-um sections were cut by Leica cryostat (Leica, Ban-
nockburn, IL, USA). Specimens were fixed with ice-cold
acetone, followed by blocking and permeabilization with
2% BSA and 1% Triton X-100 in PBS, and incubated with
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primary antibodies against Angptl3 (1:100; Santa Cruz,
CA, USA) and PECAM (1:500; R&D System, MN, USA).
The target proteins were visualized with the secondary
antibodies conjugated with fluorescence (Alexa Fluor
488 and 594, 1:400; Invitrogen, CA, USA) and Hoechst
nuclear stain. Fluorescence images were taken and pro-
cessed using a fluorescent microscope (Olympus, CA,
USA) [22].

2.8 Performance evaluation

We defined true positive (TP) when the model correctly
predicts a positive case. A false positive (FP) happens
when the model incorrectly identifies a negative case as
positive. A true negative (TN) arises when the model cor-
rectly predicts a negative case. Finally, a false negative
(FN) occurs when the model incorrectly identifies a posi-
tive case as negative. Then,

Accuracy = (TP+ TN) / (TP + TN + FP + FN),
FPR = FP / (FP + FN), and
FNR = FN / (TP + FN).

3 Results

3.1 Architecture of DeepDoublet

DeepDoublet is a tool for identifying single cells that
comprise a pair of interacting cells. DeepDoublet is com-
posed of two fully connected neural networks (FCNNs)
with three hidden layers besides input and output lay-
ers (Fig. 1). Each FCNN is assigned to a cell type. Two
FCNNSs receive the whole transcriptome of the mixture
of cells and predict the single cells that best match the
mixed transcriptome. Therefore, the number of output
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Fig. 1 The architecture of DeepDoublet. a Main workflow of DeepDoublet. The mixture of two cells (A type and B type) was used to train two
FCNNSs prepared for each cell type. The output is the index of the cell used to form the mixture. Once trained, each FCNN selects the output nodes

that have a value higher than a cutoff. b The structure of an FCNN
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nodes for FCNN; and FCNN, is the number of single
cells used for each cell type.

DeepDoublet is trained using artificial doublets by
mixing transcriptome from single cells with diverse pro-
portions. Once trained, DeepDoublet determines the
cells for the mixture of transcriptome or RNAseq from
multi-cells.

3.2 Validation using artificial datasets
As pcRNAseq has the information of two interacting
cells, we used pcRNAseq [12] and the scRNAseq for
hepatocytes [14] and LECs [12] to evaluate the perfor-
mance of DeepDoublet. First, we performed fivefold
cross-validation on the 400,000 artificial doublets that
were generated by randomly mixing 1415 hepatocytes
and 1203 LECs with various proportions. In this scheme,
the artificial doublets used during training are not used
for testing. We compared the performance of DeepDou-
blet with the logistic regression (LR) and Naive Bayes
[23]. For the test, we calculated the number of correct
predictions of cells over the total number of predictions.
Both DeepDoublet and the LR showed almost perfect
prediction in predicting hepatocytes (accuracy>0.995)
(Table 1), while the prediction performance for LECs
was undermined, especially for the LR. Naive Bayes
performed worse in our simulation. DeepDoublet also
showed best scores when evaluated with additional
FPR and FNR. To further understand the advantages of
DeepDoublet, we interrogated the distribution of unique
molecular identifier (UMI) for LECs and hepatocytes
(supplementary Fig. 1). LECs had a significantly low
number of UMIs compared with hepatocytes. The LR
may have difficulties in identifying the interacting cells
due to the low information contents in LECs.

3.3 DeepDoublet identifies neighboring cell-dependent
gene expression

We applied DeepDoublet to the pcRNAseq (4602
clumps) data comprised of 1 hepatocyte and 1 LEC. We
used scRNAseq of the hepatocytes [14] and LECs [12]
and predicted which cells among them comprise pcR-
NAseq. We labeled hepatocytes interacting with LECs
as hep(D) and LECs interacting with hepatocytes as
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LEC(D). The Uniform Manifold Approximation and Pro-
jection (UMAP) [24] for hepatocytes, LECs, and the pcR-
NAseq showed that hepatocytes interacting LECs were
not distinguishable using the naive clustering approach
(Fig. 2a).

We investigated the genes specifically expressed in
cells that interact with LECs (Fig. 2b). We found 25 genes
including Angtl3 and Mugl that were highly expressed
in the hepatocytes interacting with LECs and 32 down-
regulated genes compared with other hepatocytes (sup-
plementary Tables 1 and 2, adjusted p-value<0.05 and
|logFC|>0.5). However, we did not find differentially
expressed genes for LECs when interacting with hepat-
ocytes. The heatmap and the violin plots for the top 12
genes show that genes such as Angptl3, Cyp3all, Ponl,
and Cp were highly expressed in the hepatocytes inter-
acting with LECs and in the cell clumps from pcRNAseq
compared with hepatocytes or LECs (Fig. 2c, d). Among
them, Angptl3 is known to have a role in blood vessel
formation [25, 26], suggesting its role next to endothelial
cells. The expression of Angptl3 is low both in hepato-
cytes and LECs but high in hepatocytes interacting with
LECs (hep(D)) and the pcRNAseq (hep-LEC).

3.4 Hepatocytes proximal to LECs show higher
expressions in Angpti3

To validate our observation, we performed staining analy-
sis using Angptl3 and PECAM, an endothelial cell marker
(Fig. 3). We selected three regions in an adult mouse liver
where blood vessels are shown. We found stronger sig-
nals for Angptl3 at the regions where blood vessels are
located (marked by PECAM). Hepatocytes distant to
blood vessels showed weaker signals of Angptl3, validat-
ing that Angptl3 is highly expressed in the hepatocytes
interacting with endothelial cells.

4 Discussion

DeepDoublet is an algorithm to identify two sets of sin-
gle-cell transcriptome for a doublet. For this, we trained
2 FCNNs using 400,000 potential combinations of 2 sin-
gle cells with various proportions. The trained FCNNs
will identify two cells that comprise a doublet. With this
configuration, we found neighboring cell-dependent gene

Table 1 Performance comparison between DeepDoublet and the LR. Fivefold cross-validation was conducted on 400,000 artificial

doublets

DeepDoublet LR Naive Bayes
Cell type Hepatocyte LEC Hepatocyte LEC Hepatocyte LEC
Accuracy 0.998 0.842 0.996 0.687 0.871 0.789
FPR 182x107° 1.08x107* 410x10°3 0.262 1.00x1073 200%107*
FNR 2.59%1073 0.130 420%1073 0314 0.13 0.211
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expression of the hepatocytes. DeepDoublet relies on
that there are enough number of cells for scRNAseq both
interacting with the same cell type as well as another
different cell type to train the FCNNs. Among the pool
of scRNAseq, it selects the best one pair of cells or top
matched pairs of cells for a doublet. Therefore, we used
pcRNAseq where we have enough number of hepato-
cytes and LECs. It was not possible to use ProximID [10]
as the number of single cells is low to train DeepDoublet.

Our approach is different from previous decomposi-
tion approaches. For instance, CIBERSORT predicted
the portion of cell types from the RNA sequencing of
cell population [27]. CIBERSORTXx further predicted the
expression levels of each cell type [28]. However, the pre-
diction of gene expression is limited to a rough estima-
tion of expression to a level to assign cell type. It is not an
approach to interpret subtle changes in gene expression
due to cell communication.

Using DeepDoublets, we showed that there are neigh-
boring cell-dependent gene expression changes in hepat-
ocytes. Cells show heterogeneity in gene expression.
Neighboring cell-dependent gene expression may explain
part of cell heterogeneity. In our test, we only found
neighboring cell-dependent gene expression in hepato-
cytes not in LECs. LECs may not change their expression
levels by the proximity of hepatocytes even though they
show zonational expression. As LECs are from liver, the
majority of them are possibly already influenced by the
interaction with hepatocytes.

Angptl3 was found among the neighboring cell-
dependent genes. Interestingly, Angptl3 is important for
angiogenesis [25, 26]. The expression profiles in single
cells and pcRNAseq clearly showed that Angptl3 is highly
expressed in pcRNAseq, and the single cells predicted to
be neighboring to LECs (Fig. 2). The hepatocytes inter-
acting with LECs that DeepDoublet found can only be
the subset of the LEC interacting hepatocytes. As shown
in Fig. 2b, there still are cells in the hepatocytes group
that were with high expression of Angptl3. Subsequent
clustering analysis can further identify the genes that are
potentially working.

We also applied DeepDoublet on PIC-seq [11] data-
set to separate physically interacting cells and the cells
that interact through signals in the extracellular matrix.
However, we did not find neighboring-cell-dependent
gene expression. In supplementary Fig. 2, a large pro-
portion of T-DC doublets showed gene expression
similar to cells under transwell and mono-culture con-
ditions. These T-DC doublets will be decomposed into
cells that do not physically interact, while we assume
the cells predicted by DeepDoublet interact physically.
This led to the failure when we apply DeepDoublet on
the PIC-seq dataset. Moreover, PIC-seq reported some
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genes which are highly expressed in the cell clumps
against expected expressions. However, the differ-
ences were not profound in many cases (supplementary
Fig. 2).

DeepDoublet is designed for two interacting cells.
More than two cells can be designed by assigning another
FCNN. As there are not enough training data for more
than three cells, we restricted our scope to two cells. Also,
there could be more than two cells in the pcRNAseq. The
application of DeepDoublet is to identify neighboring-
cell-dependent gene expression, which can be done even
though more than one LECs interact with hepatocytes.

Due to the characteristics of deep learning, DeepDou-
blet requires a substantial number of doublets for effec-
tive training. There are an increasing number of RNA
sequencing datasets from physically interacting cells [29],
and the size of the dataset is expected to increase. In this
context, DeepDoublet can be useful by providing a tool
to dissect gene expression from cell clumps.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/544342-024-00031-2.

Additional file 1: Figure S1. The UMI count distribution for hepatocyte and
liver endothelial cells. The number of UMI of the LECs is much smaller than
that of the hepatocytes. Figure S2. The heatmap of the upregulated genes
related to T-helper differentiation identified PIC-seq [1]. The figure showed
the expression of these genes in T cells, dendritic cells (DCs), and T-DC
doublets under co-culture, transwell, and mono-culture conditions for 20
h of culture. Among the genes claimed in the PIC-seq article, Foxp3 and
112 were not upregulated in any co-cultured T cell. The other genes didn't
show clear differential expression in the co-cultured T cells either. Table S1.
Genes upregulated in the hepatocytes that were selected by DeepDou-
blet. DeepDoublet predicts that these hepatocytes will interact with liver
endothelial cells (LECs). Table S2. Genes downregulated in the hepato-
cytes that were selected by DeepDoublet. DeepDoubelt predicts that
these hepatocytes will interact with liver endothelial cells (LECs).

Acknowledgements
Not applicable.

Authors’ contributions

LL implemented deep learning and simulation and analyzed the data. JK,
KC and JK performed simulation and analyzed the data. BKL performed
experimental validation. KJW conceived the project. All wrote and reviewed
the manuscript.

Funding
This work is supported by Cedars-Sinai Medical Center (to K. J. W.) and National
Research Foundation of Korea (NRF) (RS-2024-00342721 to J. K)).

Data availability

No datasets were generated or analysed during the current study. The source
code is available at "https.//github.com/linbuliao/DeepDoublet".

Declarations

Ethics approval and consent to participate
Not applicable.


https://doi.org/10.1186/s44342-024-00031-2
https://doi.org/10.1186/s44342-024-00031-2
https://github.com/linbuliao/DeepDoublet

Liao et al. Genomics & Informatics (2024) 22:30

Competing interests
The authors declare no competing interests.

Received: 4 June 2024 Accepted: 13 November 2024
Published online: 18 December 2024

References

1.

15.

17.

20.

21.

22.

Ng IC, Pawijit P, Tan J, Yu H. Anatomy and physiology for biomaterials
research and development. In: Narayan R, editor. Encyclopedia of Bio-
medical Engineering. Oxford: Elsevier; 2019. p. 225-36.

Wei Q, Huang H: Chapter Five - Insights into the role of cell-cell junctions
in physiology and disease. In: International Review of Cell and Molecular
Biology. Edited by Jeon KW. Academic Press; 2013:306;187-221.
Henrique D, Adam J, Myat A, Chitnis A, Lewis J, Ish-Horowicz D. Expres-
sion of a Delta homologue in prospective neurons in the chick. Nature.
1995;375(6534):787-90.

Hwang B, Lee JH, Bang D. Single-cell RNA sequencing technologies and
bioinformatics pipelines. Exp Mol Med. 2018;50(8):96.

Peng M, Wamsley B, Elkins A, Geschwind DM, Wei Y, Roeder K: Cell type

hierarchy reconstruction via reconciliation of multi-resolution cluster tree.

bioRxiv 2021:2021.2002.2006.430067.

Kim J, Stanescu DE, Won KJ. CellBIC: bimodality-based top-down cluster-
ing of single-cell RNA sequencing data reveals hierarchical structure of
the cell type. Nucleic Acids Res. 2018;46(21): e124.

Efremova M, Vento-Tormo M, Teichmann SA, Vento-Tormo R. Cell
PhoneDB: inferring cell-cell communication from combined expres-
sion of multi-subunit ligand-receptor complexes. Nat Protoc.
2020;15(4):1484-506.

LiuW, CuiY, Wei J, Sun J, Zheng L, Xie J. Gap junction-mediated cell-to-
cell communication in oral development and oral diseases: a concise
review of research progress. Int J Oral Sci. 2020;12(1):17.

Herve JC, Derangeon M. Gap-junction-mediated cell-to-cell communica-
tion. Cell Tissue Res. 2013;352(1):21-31.

Boisset J-C, Vivié J, Grin D, Muraro MJ, Lyubimova A, van Oudenaarden
A. Mapping the physical network of cellular interactions. Nat Methods.
2018;15(7):547-53.

Giladi A, Cohen M, Medaglia C, Baran Y, Li B, Zada M, Bost P, Blecher-
Gonen R, Salame T-M, Mayer JU, et al. Dissecting cellular cross-

talk by sequencing physically interacting cells. Nat Biotechnol.
2020;38(5):629-37.

Halpern KB, Shenhav R, Massalha H, Toth B, Egozi A, Massasa EE, Medgalia
C, David E, Giladi A, Moor AE, et al. Paired-cell sequencing enables spatial
gene expression mapping of liver endothelial cells. Nat Biotechnol.
2018;36(10):962-70.

Goncharov NV, Nadeev AD, Jenkins RO, Avdonin PV. Markers and
biomarkers of endothelium: when something is rotten in the state. Oxid
Med Cell Longev. 2017;2017:9759735.

Halpern KB, Shenhav R, Matcovitch-Natan O, Téth B, Lemze D, Golan

M, Massasa EE, Baydatch S, Landen S, Moor AE, et al. Single-cell spatial
reconstruction reveals global division of labour in the mammalian liver.
Nature. 2017,542(7641):352-6.

Chollet F, others: Keras. In.: GitHub; 2015.

Kingma DP, Ba J: Adam: a method for stochastic optimization. In.: 2015.
Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O,
Blondel M, Prettenhofer P, Weiss R, Dubourg V, et al. Scikit-learn: machine
learning in Python. J Mach Learn Res. 2011;12:2825-30.

Soneson C, Robinson MD. Bias, robustness and scalability in single-cell
differential expression analysis. Nat Methods. 2018;15(4):255-61.

Wolf FA, Angerer P, Theis FJ. SCANPY: large-scale single-cell gene expres-
sion data analysis. Genome Biol. 2018;19(1):15.

Traag VA, Waltman L, van Eck NJ. From Louvain to Leiden: guaranteeing
well-connected communities. Sci Rep. 2019;9(1):5233.

Abadi M, Barham P. Chen JM, Chen ZF, Davis A, Dean J, Devin M,
Ghemawat S, Irving G, Isard M et al: TensorFlow: a system for large-scale
machine learning. Proceedings of Osdi'16: 12th Usenix Symposium on
Operating Systems Design and Implementation 2016:265-283.

Lim BK, Xiong D, Dorner A, Youn TJ, Yung A, Liu TI, Gu Y, Dalton ND,
Wright AT, Evans SM, et al. Coxsackievirus and adenovirus receptor (CAR)

Page 7 of 7

mediates atrioventricular-node function and connexin 45 localization in
the murine heart. J Clin Invest. 2008;118(8):2758-70.

23. Zhang Z. Naive Bayes classification in R. Ann Transl Med. 2016;4(12):241.

24. Leland M, John H, Nathaniel S, Lukas G. UMAP: Uniform Manifold Approxi-
mation and Projection. Journal of Open Source Software. 2018;3(29):861.

25. Tarugi P, Bertolini S, Calandra S. Angiopoietin-like protein 3 (ANGPTL3)
deficiency and familial combined hypolipidemia. J Biomed Res.
2019;33(2):73-81.

26. Camenisch G, Pisabarro MT, Sherman D, Kowalski J, Nagel M, Hass P, Xie
MH, Gurney A, Bodary S, Liang XH, et al. ANGPTL3 stimulates endothelial
cell adhesion and migration via integrin alpha vbeta 3 and induces blood
vessel formation in vivo. J Biol Chem. 2002;277(19):17281-90.

27. Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu'Y, Hoang CD,
Diehn M, Alizadeh AA. Robust enumeration of cell subsets from tissue
expression profiles. Nat Methods. 2015;12(5):453-7.

28. Newman AM, Steen CB, Liu CL, Gentles AJ, Chaudhuri AA, Scherer F,
Khodadoust MS, Esfahani MS, Luca BA, Steiner D, et al. Determining cell
type abundance and expression from bulk tissues with digital cytometry.
Nat Biotechnol. 2019;37(7):773-82.

29. Yanowski E, Yacovzada N-S, David E, Giladi A, Jaitin D, Farack L, Egozi A,
Ben-2vi D, Itzkovitz S, Amit | et al: Physically interacting beta-delta pairs
in the regenerating pancreas revealed by single-cell sequencing. bioRxiv
2021:2021.2002.2022.432216.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.



	DeepDoublet identifies neighboring cell-dependent gene expression
	Abstract 
	1 Introduction
	2 Materials and methods
	2.1 Data description and preprocessing
	2.2 Artificial doublet
	2.3 Deep-learning-based decomposition
	2.4 Logistic regression
	2.5 Differential expression analysis
	2.6 Software used for analysis and model training
	2.7 Tissue staining
	2.8 Performance evaluation

	3 Results
	3.1 Architecture of DeepDoublet
	3.2 Validation using artificial datasets
	3.3 DeepDoublet identifies neighboring cell-dependent gene expression
	3.4 Hepatocytes proximal to LECs show higher expressions in Angptl3

	4 Discussion
	Acknowledgements
	References


