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ABSTRACT

The momentum of scRNA-seq
prompts for simple and powerful tools ex-
ploring their meaningful signatures. Here
we present Single-Cell_Signature_Explorer
(https://sites.google.com/site/fredsoftwares/
products/single-cell-signature-explorer), the first
method for qualitative and high-throughput scoring
of any gene set-based signature at the single cell
level and its visualization using t-SNE or UMAP.
By scanning datasets for single or combined sig-
natures, it rapidly maps any multi-gene feature,
exemplified here with signatures of cell lineages, bi-
ological hallmarks and metabolic pathways in large
scRNAseq datasets of human PBMC, melanoma,
lung cancer and adult testis.

datasets

INTRODUCTION

The development of single cell RNA sequencing (scRNA-
seq) techniques yields an increasing number of datasets
available to the scientific community. These comprise ref-
erence samples of human tissues and organs from healthy
individuals as in the Human Cell Atlas repository (1), or
published studies of samples from dysfunctional or patho-
logical tissues. Therefore, it becomes important to assess in
each single cell from such large data sets any kind of hall-
mark possibly defined by a gene set, and to visualize this
feature across the dimensionality reduction plots such as
those produced by t-distributed stochastic neighborhood
embedding (t-SNE) (2) or Uniform Manifold Approxima-
tion and Projection (UMAP) (3) in a global and compre-
hensive viewpoint. This is conceptually similar to gene set
enrichment analysis (GSEA) (4), which finds the functional
significance of genes differentially expressed between bulk

transcriptomes of two series of samples. Currently however,
there is no method for performing this at a single cell level
and to compare all the dataset’s cells, in a reasonable time
scale. Here we report Single Cell Signature Explorer, an
algorithm which rapidly scores many gene set-defined sig-
natures at the single cell level as qualitative measures for
their straightforward and interactive visualization using t-
SNE or UMAP plots of scRNA-seq data sets, together with
highly informative examples of its applications.

MATERIALS AND METHODS
Single cell experiments

Data for 4k and 8k PBMC obtained by 10x Ge-
nomics 3’ chemistry V2 were downloaded from the
10x Genomics website (https://support.10xgenomics.
com/single-cell-gene-expression/datasets/2.1.0/pbmc8k,
https://support.10xgenomics.com/single-cell-gene-
expression/datasets/2.1.0/pbmc4k).

Data for 10k PBMC obtained by 10x Genomics
3’ chemistry V3 were downloaded from the 10x Ge-
nomics website (https://support.10xgenomics.com/single-
cell-gene-expression/datasets/3.0.0/pbmc_10k_protein_v3).

Data for 33k PBMC obtained by 10x Genomics
3’ chemistry V1 were downloaded from the 10x Ge-
nomics website (https://support.10xgenomics.com/single-
cell-gene-expression/datasets/1.1.0/pbmc33k)

Data for 19k of lung tumor and normal adjacent cells
(5) obtained by 10x Genomics 3’ chemistry V2 were down-
loaded from Array Express E-MAAB-6149 and E-MTAB-
6653.

The human spermatogenesis data (6) obtained by 10x
Genomics 3’ chemistry V2 were downloaded from the GEO
data set GSE120508.

The 64k melanoma dataset obtained by MARS platform
(7) were downloaded from GEO data set GSE12313.
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Noise reduction of datasets

Single cell transcriptomic technology is powerful to explore
gene expression at the single cell level, but may yield datasets
in which technical noise can hinder biological variability.
This technical noise from gene sampling fluctuations and
cell-to-cell variations in sequencing efficiency (8) has moti-
vated the development of various methods performing pre-
processing of raw count normalizations (9,10,11,12,13,14).
These either apply a single per-cell scaling factor to all gene
counts, or deploy statistical models estimating the per-gene
errors of UMI counts. However, a single scaling factor can-
not optimally normalize both lowly and highly expressed
genes, while standard statistical modeling by negative bi-
nomial regression overfit the UMI data (15). A novel nor-
malization procedure that addresses both issues by using
regularized negative binomial regression was recently de-
veloped. This pre-processing tool, named sctransform (15),
normalizes and stabilizes the technical noise variance of
UMI counts prior to downstream analyses by principal
component analysis (PCA), dimensionality reduction and
further exploration of results. Unless stated otherwise, the
data sets analyzed below using Single-Cell Signature Ex-
plorer were UMI counts pre-processed by sctransform nor-
malization.

t-SNE/UMAP plots

The t-SNE or UMAP plots were produced by Seurat (16)
as follows: the raw data (FastQ files) were computed with
CellRanger 3.0 and then loaded in an R session with the
Seurat 3.0 toolkit package involving the normalization and
variance stabilization package sctransform (15). Samples
were individually filtered using UMI and percentage of mi-
tochondrial genes criteria. Samples were then merged using
correction to align datasets as described in (16). t-SNE or
UMAP coordinates were then calculated using the 11 first
PCA and exported in a table.

Single-Cell Signature Explorer

Single-Cell Signature Explorer is a package of four suc-
cessive tools dedicated to high throughput signature explo-
ration in single-cell analysis:

(1) Single-Cell Signature Scorer computes a signature

score for each cell.

(i1) Single-Cell Signature Merger collates the signature
score table with t-SNE and UMAP coordinates.

(ii1) Single-Cell Signature Viewer displays signature scores
on a t-SNE or UMAP plot.

(iv) Single-Cell Signature Combiner displays arithmetic
combinations of two signature scores on a t-SNE or
UMAP plot.

These four softwares were developed with usability, low
memory usage and performance in mind. They require no
complex command lines or computing skills, they can be
used on a laptop but also scale up well on powerful work-
stations for fast computations. Results are obtained within
minutes as a function of the number of explored gene sets
(n) and size of each gene set (5): O(n*s).
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Single-Cell Signature Scorer. This algorithm computes in
each single cell transcriptome a score for any gene set from a
database. More than 17 000 curated gene sets from MSigDB
(4,17) and Reactome (18), as well as additional user-defined
gene sets can be computed by the software. Each gene set is
a list of HUGO gene symbols in a text file format labeled
by the name of the gene set. The database can also be im-
plemented by additional custom pathways composed of text
files for the user-defined list of HUGO gene symbols. Scores
were calculated as follows : The score of the G'S, gene set in
the C; cell was computed as the sum of all UMI for all the
GS, genes expressed in C;, divided by the sum of all UMI
expressed by Cj:

k
> UMlgs,
score of C; cell for GSy gene set = 55—
' > UMIc,
1

i=1
where UMIgs, are the UMI of the k genes from GS,

found in the C; cell . We also implemented the possibility
to subtract the contribution of a gene when it is preceded
by a -’ sign in the gene list. Although single cell signa-
ture scores can be computed from raw UMI counts, their
relative variance improves when computed from UMI nor-
malized by Seurat’s sctransform (see below). The signature
scores primarily represent a qualitative measure for further
visualization on a t-SNE or other dimensionality reduced
map, rather than a quantitative measure. In addition, as
the number of genes in each signature is highly variable,
a single cell score for a signature cannot be compared to
that of another signature. The Single-Cell Signature Scorer
was developed in Go language v1.11.5 (https://golang.org/).
The software is multi-threaded to take full advantage of
multicore processors. Single-Cell Signature Scorer can com-
pute 13 million (1000 gene sets for 13 300 cells) scores in
<4'30” on a bi-Xeon E5-2687w-v3 workstation. The Single-
Cell Signature Scorer was compiled for GNU Linux and
MicrosoftoWindows™64 bits, and can be compiled for any
platform using cross-compilation by Go.

x 100,

Single-Cell Signature Merger. This algorithm merges
scores from Single-Cell Signature Scorer and t-SNE coor-
dinates produced by Seurat (16) to produce tables compat-
ible with the Single-Cell Signature Viewer (see below). This
software is multi-threaded and can merge in parallel a set of
score tables with a t-SNE or UMAP coordinate table.

Single-Cell Signature Viewer. This tool was developed to
display the gene set scores computed by Single-Cell Sig-
nature Scorer on a t-SNE map. It takes as input a table
score merged with t-SNE coordinates. Single-Cell Signature
Viewer was written in R (19) with the Shiny package (20) to
draw in real time a colored score scale of signatures selected
from a drop-down list on t-SNE or UMAP maps. Since this
scaling is sensitive to outliers, the viewer draws a density
distribution of scores and provides a color scale cursor al-
lowing users to prune such potential outliers.

Single-Cell Signature Combiner. This tool was developed
to display the combination of two gene set scores previously
computed by Single-Cell Signature Scorer on a t-SNE map.
The user must select two signatures from two drop-down
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lists. As stated above, the highly variable number of genes
in signatures does not allow the comparison of a single cell
score for a signature to that of another signature. There-
fore prior to combining the two corresponding score sets,
they are normalized between [0-1]. Operators that are avail-
able to compute the combination are [— + ], thus the user
selects to add, subtract or multiply two signatures prior to
visualizing the resulting score on a map. Importantly, those
combined scores should only be interpreted in the context of
the changes observed across multiple cells. Single-Cell Sig-
nature Combiner takes as input a table score merged with
t-SNE or UMAP coordinates. Single-Cell Signature Com-
biner was written in R (19) with the Shiny package (20) to
draw in real time on a t-SNE or UMAP plot a colored score
scale of two signatures selected from the drop-down lists. As
above, since this scaling is sensitive to potential outliers, the
viewer draws a density distribution of scores and provides a
color scale cursor allowing the user to prune such outliers.

Code availability. Single-Cell Signature Explorer was
developed using the high performance cross-platform
Go language vl.11.1 (https://golang.org/) and the map
viewers were developed using the cross-platform R (19)
language with the Shiny package (20). Files can be accessed
at (https://sites.google.com/site/fredsoftwares/products/
single-cell-signature-explorer)

RESULTS AND DISCUSSION
Scoring of gene signature across single cells

Although GSEA measures the relative enrichment of func-
tionally defined sets of genes, it cannot characterize the
gene signature from an isolated transcriptome, while the
related ssGSEA (21), GSVA (22) and AutoCompare_SES
(23) achieve this by scoring the intrinsic enrichment of pre-
defined gene sets in any single sample transcriptome. Nev-
ertheless, both algorithms rely on statistics that are inap-
propriate for single cell transcriptomes mostly composed of
zero values, and where the missing genes of each cell vary
extensively across the entire ScRNA-seq dataset. To address
these issues with minimal computing time, here we intro-
duce Single-Cell Signature Explorer, a package of four soft-
wares dedicated to high-throughput signature exploration
in single-cell transcriptome analysis. The raw data are pre-
processed with CellRanger 3.0 and then with the Seurat
3.0 and sctransform to normalize and stabilize variance of
UMI counts across the data set. The score of the GS; gene
set in the C; cell is then computed as the sum of all UMI
for all the GS; genes expressed by C;, divided by the sum
of all UMI expressed by C;. Using this, the scores of each
single cell for thousands of gene sets (e.g. 17 000 gene sets
from the Molecular Signatures Database (MSigDB) (http:
/Iwww.broad.mit.edu/gsea/msigdb/index.jsp) are computed
within a few minutes, and these scores are then visualized
across entire sSCRNA-seq datasets.

B-cell signature score and relevance

As a first example, the scRNA-seq datasets of 4k
and 8k PBMC from one healthy donor were down-
loaded (https://support.10xgenomics.com/single-cell-gene-
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expression/datasets), integrated, processed and the result-
ing t-SNE was plotted. In parallel, each of these 12k sin-
gle cells was individually scored for each of the ~15 000
MSIgDB gene sets. As negative controls, these cells were
also scored likewise for 1000 random gene sets, each com-
posed of n randomly sampled genes without replacement
(RGS1-RGS1000). The PBMC data set comprises a clus-
ter of (n = 1731) B lymphocytes which can be defined ei-
ther as cells expressing the B-cell identifying CDI19 gene
alone (n = 883 cells), or as (n = 1826) cells scoring for a ‘B
cell’ signature composed of the four genes CD79A4, CD79B,
CDI19, MS4A411. Both cell counts and ROC curves indi-
cated that the B-cell signature outperformed the single gene
in spotting all B lymphocytes from the dataset, including the
few (n = 109) plasmocytes which were mapped outside of
the B-cell cluster (Figure 1). Single-Cell Signature Explorer
may process datasets of raw or normalized UMI counts,
yielding similar B-cell signature scores from these differ-
ent data. Nevertheless the relative variability of B-cell sig-
nature scores was decreased within all B-cell clusters when
computed from normalized UMI counts instead of raw
UMI, and this decrease was even better with sctransform-
normalized data than with log-normalized data (Supple-
mentary Figure S1). By contrast, no such improvement was
seen for the other clusters of non-B cells, for which this sig-
nature is not relevant. Hence analyses such as those per-
formed with Single-Cell Signature Explorer benefit from
prior data normalization and variance stabilization by Pear-
son residual as recently reported (15). We then questioned
the relevance of the above result by searching for other sig-
natures which might overlay with the B-cell signature. Al-
though random signatures were not enriched across the t-
SNE, 57 MSigDB signatures correlated (Pearson r > 0.75)
with -and superimposed to- the above ‘B cell’ signature.
These signatures comprised relevant gene sets such as ‘B-
cell activation’, ‘CD22-mediated BCR regulation’, ‘GO-
Immunoglobulin complex’, as well as less relevant signa-
tures that were nevertheless fully consistent with B-cell bi-
ology such as ‘de novo protein folding” and ‘somatic muta-
tion’, (Supplementary Table S1 and Figure S1). Importantly
by contrast, no signature defining other non-B-cell lineages
was enriched in this cluster (not shown), suggesting that the
transcriptomic B-cell signature was specifically mapped in
this complex dataset.

Signature score specificity and robustness

To definitively validate the specificity of scores, we reasoned
that PBMC formally identified as B lymphocytes by their
cell surface expression of the CD19 antigen should match
with cells identified by the above B-cell signature. We thus
downloaded another data set comprising 10k PBMC from
a healthy donor analyzed for both gene and cell surface
protein expression by the Feature-Seq method (24). This
dataset was processed as above, its UMAP was plotted and
the PBMC were visualized for expression of the CD19 cell
surface marker and for the B-cell signature score. Both crite-
ria appeared overlaid (Figure 2A), supporting the specificity
of signature mapping. Concurrent plots of each B-cell sig-
nature gene, taken individually, versus the cell surface CD19
expression displayed frequent CD19* B cells lacking expres-
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Figure 1. Visualization of gene and signatures in the t-SNE map of 12k PBMC from an healthy individual. Top left: expression of the CD19 gene. Top and
bottom right: scores for ‘B-cell signature’, ‘random gene set’, ‘de novo post-translational protein folding’ and ‘adaptive immune response based on somatic
recombination of immune receptors built from immunoglobulin superfamily domains’ (both from Gene Ontology) displayed on the t-SNE map. ROC
curve (Bottom left) of B cell identification performance by using either the CD19 gene alone (violet curve) or the B-cell signature score (red curve).

sion of some B-cell signature genes (Figure 2B), confirming
that the signature outperformed its single genes in identify-
ing B lymphocytes.

The robustness of the B-cell signature was then analyzed
in three datasets from PBMC'’s of healthy donors with the
V1, V2 and V3 generations of the 10x Genomics 3’ chem-
istry platforms. The B-cell signature scores and their rela-
tive intracluster variances were then compared for the clus-
ters of B cell, plasma cells (PC) and the non-B-cell clusters
from each generation of platform. Although as expected,
all the relative intra-cluster variances decreased with higher
generations of platform, the B-cell signature scores consis-
tently differentiated the B cells from the non-B-cell clus-
ters with both platforms (Wilcoxon P < 1073% for V1, V2
and V3) (Figure 2C). The same conclusion was reached for
a further dataset of 64K melanoma tumor cells obtained
with the MARS platform, processed as above and plotted
as UMAP (7) (GSE12313, Figure 3). The scores therefore
consistently discriminated B from non-B cells in various
datasets, chemistries and platforms.

Multipurpose applications of Single-Cell Signature Explorer

Owing to the versatility of signatures from user-defined gene
sets or curated databases, Single-Cell Signature Explorer al-
lows not only to visualize relative enrichment of any gene
set-based hallmark, but also to combine several of these,
such as cell lineage, metabolic pathway and or biological
function, as exemplified below. Of note however, the highly
variable number of genes in signatures precludes compar-
isons of a single cell score for two different signatures. In-

stead, combined signature scores allow straightforward vi-
sualization of their variation across the dataset.

In the above-depicted 12k PBMC dataset (Figure 1),
myeloid cells were identified by a myeloid-specific signature
composed of 31 genes (Supplementary Table S2 and Fig-
ure S2a). Then, visualization of metabolic pathway signa-
tures showed that in these resting PBMC, myeloid cells dis-
play higher scores than lymphocytes for glycolysis, oxidative
phosphorylation (OXPHOS) and tricarboxylic acid (TCA)
cycle, but not for fatty acid synthesis (Supplementary Fig-
ure S2b), consistent with (25).

In cancer, the metabolic reprogramming is even more pro-
nounced within immune cells from the intra-tumoral mi-
croenvironment (26). Using Single-Cell Signature Explorer,
this feature was explored in a lung cancer dataset com-
prising matched samples of malignant and adjacent non-
malignant tissues. The scRNA-seq datasets of 19k cells
from 20 tumors and 4 matched normal adjacent biopsies
from 6 lung cancer patients (5) were downloaded from
Array Express E-MTAB-6149 and E-MTAB-6653, pro-
cessed, integrated, sctransform-normalized and the result-
ing t-SNE was plotted. Each of these 19k single cells was
then scored for all the ~15 000 human gene sets from
MSigDB. Visualizing a series of lineage-defining signatures
identified the cell types of each cluster (Supplementary Fig-
ure S3) which were consistent with their previous study (5).
Myeloid cells from either the tumor or adjacent tissue were
then gated in parallel analyses, and their respective scores
for the metabolic signatures were visualized as above. Their
comparison showed the higher glycolytic scores of some



PAGE 50F 9

A [ CD19 (Ab staining)

Nucleic Acids Research, 2019, Vol. 47, No. 21 el33

‘B cell signature (score)

- { 7 :
4
-~ @ 5‘0 - y ’
1 I” % o1
N ] ] n X
3 ! | i Bt ; H : ‘ ,tr
<’ By = e
o)) 3 | | | ‘ | :
H : :
5. a A v
01 p : i :
0 05 1 15 20 2 2 3 0 1 2 0 1 2 3 0 02 04 06
CD19 (gene) CD79A (gene) CD79B (gene) MS4A1 (gene) B cell (score)
c 1.5
' cells from mm B clusters
" PC clusters
(0] m others
—
o
g 1
[0}
| -
>
4+
©
= \
D o5 |
0 “VI\V‘
3
0 D
0 \/ —————————————
relative 93550 0505 0.0580  0.0217 0.0273 0.0597  0.0626 0.0558 0.1065
variance

chemistry 3

chemistry 2

chemistry 1

PBMC datasets

Figure 2. Visualization of antibody, genes and signature on UMAP of 10k PBMC from an healthy individual. (A) UMAP with the CD19 cell surface
marker (antibody detection, left) and B-cell signature score (right). (B) Data from 10k PBMC chemistry 3 were used to compare the CD19 cell surface
(antibody detection, y-axis) to CD19, CD79A, CD79B and MS4A1 genes or B-cell score (x-axis). (C) Violin plots of B-cell signature scores within B cells,
PC or others cell clusters computed by Single Cell Signature Scorer from three different datasets: 10k PBMC from 10x Genomics chemistry 3, 8k PBMC
from chemistry 2 and 33k from chemistry 1. Red dotted line indicates the mean of the dataset.

intra-tumoral myeloid cells compared to adjacent myeloid
cells, while all cells scored similarly for the other pathways.
Interestingly, lung cancer cells also displayed this higher gly-
colytic signature, consistent with the glycolytic bias of lung
cancer (27,28) (Figure 4).

These examples showed that Single-Cell Signature Ex-
plorer enables users to visualize two distinct hallmarks such
as cell identities and biological hallmarks. We then rea-
soned that this strategy enabled the visualization of two
signatures combined through simple subtraction or addi-
tion of their normalized scores, and projection of the re-
sult on a dimensionality reduction map. This was illus-
trated using the human testis cell atlas scRNASeq dataset
of 6.5 k cells involved in adult spermatogenesis (6). This
publicly available data set was downloaded, processed as

above and its partitioning into 17 clusters was projected
onto a UMAP featuring the germ cell maturation trajec-
tory reported earlier (6). Both cluster identities and posi-
tions on the trajectory (Figure 5A) were consistent with
the molecular transitions underlying this development (6)
. Of note, the ‘GO_embryonic organ development’ signa-
ture was observed in spermatogonial stem cells (SSC) and
their cell partners (testicular macrophages, Leydig, Sertoli,
myoid and endothelial cells) (Supplementary Figure S4a),
while ‘GO_male meiosis’ and ‘Hallmark_spermatogenesis’
signatures hit only the early primary spermatocytes and ma-
ture sperm cells, respectively. The ‘GO _mitochondrion’ sig-
nature gradually decreased along the spermatocyte matura-
tion, contrasting with other micro-environmental cells.
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Figure 3. Visualization of B cell and PC signatures on the UMAP plot of 64k cells from melanoma biopsy produced by the MARS-Seq technology (7)
(GSE123139). left: Signature scores calculated by Single-Cell Signature Explorer right: Expression level of single genes defining these respective populations

as described in (7).

At last, there are debates as to whether the spermato-
genesis energy is fueled by mitochondrial oxidative phos-
phorylation, or by glycolysis, or both continuously, or
even by their stage-specific complementation. Here, dis-
playing across the same UMAP the combined score for
the ‘GO_Glycolysis’ gene set minus the ‘GO_OXPHOS’
gene set shed light on the contrasted glycolytic imbal-
ance which progressively settles along sperm cell matu-
ration (Figure 5B). This result was also consistent with
the above mentioned decrease of mitochondria in ma-
turing spermatozoids (Supplementary Figure S4a). Fur-
thermore, the progressive catabolic switch of the glucose
metabolism could be evidenced by the combined score for
the ‘GO_Glucose metabolic process’ gene set minus the
‘GO_Glucose catabolic process’ gene set (Supplementary
Figure S4b).

These results illustrated the versatility of the Single-Cell
Signature Explorer for visualizing combinations of distinct
signatures able to produce newer displays complementing
those from single signatures.

Software benchmarks

The recently published algorithms Seurat’s Cell CycleScore
module (16), AUCell (29) and GSVA /ssGSEA (21) can also
compute the enrichment scores of gene set-based signatures
from single cell transcriptomes. We thus compared Single-
Cell Signature Explorer with these algorithms for their re-
spective computation efficiency and displayed the results

on a t-SNE map. Benchmarks were performed on a Linux
Xubuntu 18.10 workstation with two processors Xeon E5-
2687w-v3 and 128Gb RAM. The KEGG database was
downloaded from MSigDB v6.2 (http://www.broad.mit.
edu/gsea/msigdb/index.jsp). For this benchmark of Single-
Cell Signature Scorer, the KEGG database was downloaded
from the software web site (https://sites.google.com/site/
fredsoftwares/products/databases) where additional, ready-
to-use databases of ~17 000 gene sets for Human, Mouse,
Rat, Zebra Fish and Macaccus obtained from MSigDB v6.2
are also available .

For the ssGSEA speed test, both software issues and the
excessive computation time (>12 h) for the entire KEGG
database did not permit this comparative evaluation. Hence
this speed test was only performed on two gene sets and its
result was extrapolated. Since Seurat function CellCycle-
Score can only compute gene sets with anti-correlated ex-
pression levels, Seurat computation time for all gene sets of
the KEGG database could not be performed.

Performance, computing time and display of the bench-
mark results are shown in Supplementary Table S3 and Fig-
ure S5.

While Seurat CellCycleScoring function computes al-
most as quickly, and yields similar results, as Single-Cell
Signature Explorer (Supplementary Figure S6), it only
scores few gene sets pairs with anti-correlated expression
and does not display t-SNE plots or UMAP of the results.
GSVA /ssGSEA, incepted for scoring gene sets from bulk
transcriptomes but not zero-inflated single cell transcrip-
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Figure 4. Metabolic signatures of myeloid cells in 19k cells from lung adenocarcinoma tumors and normal adjacent tissue (5). (A) Myeloid cell signature in
the lung adenocarcinoma tumors and normal adjacent samples. (B) Single cell scores for the specified metabolic pathways in myeloid cells (gated as shown
in panel A) from either the tumor (middle panels, red) or adjacent normal tissue (right panels, blue). Left panel shows the comparative distributions of
scores for the specified pathway in intra-tumoral (red) versus normal adjacent (blue) myeloid cells. (C) Same pathways visualized across the entire t-SNE

featuring cancer cell clusters (dotted circles).

tomes, requires such tedious computing times for a single
signature that it cannot perform massive parallel scoring of
large collections of gene sets, and does not display t-SNE
results. Although the gene rank-based AUCell algorithm
computes scores five-times faster than GSVA/ssGSEA, it
remains 30-times slower than Signature Explorer and does
not display interactive t-SNE maps of the resulting scores.

In addition to its computing performances, the versa-
tility of Single-Cell Signature Explorer permits analysis
of data from various scRNA-Seq and sequencing plat-
forms (Figure 3). Beyond the above B-cell signature of
64K human melanoma cells from MARS-Seq, our al-
gorithm allows likewise exploration of non-human sam-
ples using gene set databases for macaccus, mouse, rat
and zebra fish (https://sites.google.com/site/fredsoftwares/

products/databases). Thus Single-Cell Signature Explorer
represents the reference tool for general exploration of scR-
NASeq datasets.

CONCLUSION

Functionally meaningful displays of gene set-based sig-
nature enrichment are essential to understand t-SNE or
UMAP maps of complex cell samples, but so far, no cur-
rent method perform this rapidly for a plethora of signa-
tures at the single cell level across large scRNAseq datasets.
By quickly delineating multi-gene features such as cell lin-
eage or metabolic pathways with Single-Cell Signature Ex-
plorer in lung tumors and normal human blood and testis,
we showed that gene set-based signatures outperform sin-
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Figure 5. Single and combined signatures of metabolic pathways in human adult testis cells. SSC: spermatogonial stem cells. (A): Human adult testis cell
types and their maturation trajectory UMAP. (B): (bottom panels) Single signatures of either ‘glycolysis glucogenesis’ (KEGG, 62 genes), or ‘oxidative
phosphorylation’ (KEGG, 136 genes), and (fop panel) their combined signature using the ‘minus’ operator.

gle genes and provide a straightforward visualization of the
sample’s hallmarks. Within a few minutes from any com-
puter, this new method provides users with thousands of
gene set-based signatures for thousands of single cells, and
the immediate visualization in t-SNE or UMAP of any of
these single signatures or combination of signatures. The
compatibility of Single-Cell Signature Explorer to any scR-
NASeq platform, sequencing technology and used-defined
or curated gene set renders its applications as broad as the
scRNAseq technology itself.

SUPPLEMENTARY DATA
Supplementary Data are available at NAR Online.
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