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We developed a new computational method, Single-Cell Entropy Network (SCEN) to analyze single-cell
RNA-seq data, which used the information of gene-gene associations to discover new heterogeneity of
immune cells as well as identify existing cell types. Based on SCEN, we defined association-entropy
(AE) for each cell and each gene through single-cell gene co-expression networks to measure the strength
of association between each gene and all other genes at a single-cell resolution. Analyses of public data-
sets indicated that the AE of ribosomal protein genes (RP genes) varied greatly even in the same cell type
of immune cells and the average AE of RP genes of immune cells in each person was significantly asso-
ciated with the healthy/disease state of this person. Based on existing research and theory, we inferred
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that the AE of RP genes represented the heterogeneity of ribosomes and reflected the activity of immune
cells. We believe SCEN can provide more biological insights into the heterogeneity and diversity of
immune cells, especially the change of immune cells in the diseases.

© 2022 The Author(s). Published by Elsevier B.V. on behalf of Research Network of Computational and

Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative-

commons.org/licenses/by-nc-nd/4.0/).

1. Introduction

The advances of single-cell transcriptomics help researchers
reveal the heterogeneity and functional diversity among cell pop-
ulations and discover novel cell types [1-4]. However, existing
methods usually focus on the differential expression of genes,
but ignore the heterogeneity of gene-gene associations. Theoreti-
cally, single-cell RNA sequencing (scRNA-seq) data not only explic-
itly describe the gene expressions at a single-cell resolution, but
also implicitly contain the information on the gene-gene associa-
tions [5].

In this work, we propose a new computational method Single-
Cell Entropy Network (SCEN) to analyze scRNA-seq data, which con-
structs a gene association network for each single cell (i.e. one net-
work for one cell), where nodes are genes and edges are gene-gene
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associations measured by mutual information. Based on SCEN, we
can define association-entropy (AE) for each cell to measure the
association strength of gene coexpression at single-cell resolution.
The higher AE level indicates that the genes are more strongly-
associated with each other in a single cell. From dynamical view-
point, gene expressions are the variables of a nonlinear biological
system which change dynamically with time and conditions due
to various fluctuations or noises, but their gene associations/regu-
lations are relatively stable [6,7]. Thus, gene associations can char-
acterize the features of single cell more reliably, which may help us
find new cell heterogeneity that is ignored by traditional gene
expression analysis.

In this study, we found the AE of ribosomal protein genes (RP
genes) varied greatly even in the same cell type of immune cells.
Ribosomal proteins are the main components of ribosomes, which
act as a translational machine in cells related to protein expression.
Some studies found the heterogeneity of ribosomes [8], and differ-
ent ribosomes have different mRNA selectivity and produce differ-
ent proteins [9,10], e.g. Rps26-deficient ribosomes preferentially
translate the mRNA from stress-response pathways [11]. Based
on the definition of AE, we think AE of RP genes can reflect the

2001-0370/© 2022 The Author(s). Published by Elsevier B.V. on behalf of Research Network of Computational and Structural Biotechnology.
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heterogeneity of ribosomes. High AE of RP genes indicates that
these RP genes are strongly associated and represent normal ribo-
somes, while low AE of RP genes represent defective ribosomes.

Furthermore, we found that the average AE of RP genes of
immune cells in each person was significantly associated with
the healthy/disease state of this person, which validated the bio-
logical significance of AE of RP genes. Based on existing research
and theory [12-14], we inferred that the AE of RP genes might
reflect the activity of immune cells. Usually, immune cells will be
activated by virus infection or other external stimuli to kill infected
cells before progeny viruses are released, i.e. the activity of
immune cells will rise after infection. This change is rapid and
reversible, and is related to the heterogeneity of ribosomes. Thus,
as a new method of single-cell sequencing data bioinformatics tool,
we believe SCEN can provide more biological insights into the
heterogeneity and diversity of immune cells, especially the change
of immune cells in the diseases.

2. Methods

In this paper, we proposed a new method “Single-Cell Entropy
Network” (SCEN) to analyze single-cell RNA-seq data (Fig. 1).

From the gene expression matrix comprised of m genes and n
cells, we first make m*(m-1)/2 scatter diagrams, where each scatter
diagram includes n points/cells, and the x-axis and y-axis represent
the expression levels of two genes in the n cells. Then, from the
scatter diagram of genes x and y, we could calculate the mutual
information of the two genes based on Eqn. (2).

pX.,Y)
pX)p(Y)

where p(X) and p(Y) are marginal probability distributions of
genes x and y respectively, p(X,Y) is their joint probability distribu-
tion function, X and Y are expressions of genes x and y, and Q is the
domain of definition.

To estimate MI(x, y), we substitute the probability by the fre-
quency numerically. As shown in Fig. 1, we draw light orange
box that covers the plot k (or cell k) to represent the neighborhood
of x,. The width of the box is large just enough to make the box
cover 0.1n points (0.05n points on the left of x; and 0.05n points
on the right of x;), and thus the number of points in the neighbor-
hood of xy is fixed to 0.1n (n,*) = 0.1n). Similarly, we draw dark
orange box to represent the neighborhood of yj, and n,* is also
equal to 0.1n. Then, if the intersection of the previous two boxes
cover n,,¥) points, mutual information of genes x and y for all n
cells could be approximately calculated by Eqn. (3).

Mi(x,y) = > p(X,Y)log

X,YhQ

(2)

n

MiGxy) =Y 2

i=1

3)

Then, we define the contribution of cell k in MI(x, y) by decom-
posing Eqn. (3) into Eqn. (4).

nxy\’”
n

n  ny®
n

(k)
MI¥(x,y) =2 log

(4)

n

If two variables are correlated in some points and uncorrelated
in the others, the former points give positive contributions to MI(x,
y) and thus MI**X(x, y) > 0, while the latter points give zero contri-
butions or noises to MI(x, y) and thus MI*®)(x, y) < 0 (Supplemen-
tary Note 1).

The parameter 0.1 could be substituted by other values, but we
find that the result is not sensitive to this parameter in the range of
0.05 to 0.2 based on the test of several public datasets, and 0.1
seems to be the best (Supplementary Note 2).
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Based on Eqns. (3) and (4), we could construct a network for
each cell, where nodes = genes and edges = gene-gene associations.
By the normalization, the weight of edge x-y in cell-k network with
m genes/variables is defined as.

0}

it i MIGLj)
LED W erimMI(k)(ivj) /

Specially, we require w)(x, y) > 0 based on Eqn. (5) to make the
weight of each edge non-negative. In addition, we set w{¥)(x, y) = 0
artificially when x, = 0 or y, = 0, because most zeros in the gene
expression matrix come from the technique problems in single-
cell RNA-seq, which is meaningless in biology and makes the
wrong estimation in gene association analysis. Thus, we construct
a single-cell entropy network for each cell k based on Eqn. (5), from
scRNA-seq data.

At last, by Eqn. (5) we obtain n single-cell networks for the n
cells. Based on these networks, we could find the network hetero-
geneity at a single-cell level. Furthermore, we could define the
association-entropy (AE) of gene x in cell k based on Eqn. (6).

wh(x,y) = max{Mﬂ“ *,y)- (5)

m
AExk = Z W(k) (va)
y=1
V#EX

(6)

AE, is the degree of gene x in cell-k network. Thus, we can con-
struct an association-entropy matrix (AE matrix) with AE,, as an
element. Clearly, the AE matrix has the same number of rows
and columns as the original gene expression matrix whose element
is gene expression, and thus any traditional algorithm for gene
expression matrix can be adopted for AE matrix, i.e. to analyze cell
clustering and pseudotime trajectory.

It should be noted that AE is different from the traditional def-
inition of entropy. In this paper, AE represents the summation of
mutual information. Intuitively, the higher AE level means this
gene in the cell is associated with other genes more strongly due
to its higher MI in the single-cell network, so high AE level repre-
sents the state of high order and low entropy (traditional defini-
tion). As AE quantifies the importance of genes from a network
viewpoint, the analyses of AE matrix might help to find more fea-
tures that is ignored by traditional gene expression analysis. Note
that We can similarly construct the direct gene association net-
work or single-cell entropy direct-network in the form of condi-
tional mutual information [1-4].

3. Results
3.1. SCEN shows better clustering performance

In this paper, we proposed a new method Single-Cell Entropy
Network (SCEN) to analyze single-cell RNA-seq data (Fig. 1, Supple-
mentary Note 1, 2). Based on SCEN, we can obtain n single-cell net-
works for the n cells, and further obtain an association-entropy
(AE) matrix that has the same number of rows and columns as
the original gene expression matrix. Thus, any traditional scRNA-
seq algorithm for gene expression matrix can be adopted for our
AE matrix to analyze cell clustering. To validate the performance
of SCEN method, we collected seven high-quality scRNA-seq data-
sets with clear classification labels from literatures [15-20] and
performed cell clustering analysis on both gene expression matrix
and AE matrix. By comparing the clustering result with the known
classification labels, we could evaluate the clustering perfor-
mances. As shown in Table 1, obviously our AE matrix is superior
to original gene expression matrix on various datasets by various
clustering algorithms [21-23]. In fact, the best result of each data-
set is all from our AE matrix, which demonstrates the advantage of
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Fig. 1. Schematic illustration of SCEN method. (a) First, make a scatter diagram for every two genes based on the gene expression profile comprised of m genes and n cells,
where points = cells, and then m genes can produce m*(m —1)/2 scatter diagrams. (b) In the scatter diagram of genes x and y, make a light orange box and a dark orange box
near the cell k (red plot) to represent the neighborhood of x and yj respectively. The number of plots/cells in the two boxes is n,*) and ny“" respectively, and the number of
plots/cells in the intersection of the two boxes is ny,*. Then, calculate MI(x, y) and MI*)(x, y). (c) Calculate w'*)(x, y) that represents the weight of edge x-y in cell-k network,
and construct n single-cell networks. (d) Calculate the association entropy (AE) of each gene in each cell, and get an AE matrix. (e) Based on SCEN method, we can discover
“dark” genes ignored by original gene expression matrix, characterize network heterogeneity at a single-cell level, and distinguish the active or resting state of immune cells.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Table 1
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Clustering performance of gene expression matrix and AE matrix, evaluated by adjusted rand index (ARI). Hierarchical (t-SNE) and k-means (t-SNE) represent that the clustering is

performed after dimension-reduction by t-SNE.

Buettner Kolod Darmanis Chu- Chu- Kim Trapnell
ziejczyk type time
Hierarchical Expression 0.48 0.49 0.63 0.75 0.67 0.66 0.08
AE 0.86 0.99 0.64 0.75 0.77 0.67 0.23
k-means Expression 0.31 0.53 0.58 0.73 0.59 0.60 0.14
AE 0.67 0.90 0.71 0.75 0.67 0.75 0.42
Hierarchical (t-SNE) Expression 0.32 0.99 0.67 0.98 0.68 0.66 0.16
AE 0.67 1.00 0.82 0.99 0.69 0.95 0.47
k-means (t-SNE) Expression 0.30 0.99 0.65 0.98 0.69 0.72 0.16
AE 0.70 1.00 0.82 0.99 0.69 0.89 047
SIMLR Expression 0.92 0.99 0.75 0.74 0.66 0.97 0.21
AE 0.98 1.00 0.88 0.75 0.70 0.95 0.28
Seurat Expression 0.27 0.73 0.86 0.95 0.72 0.77 0.17
AE 0.62 0.84 0.82 0.76 0.69 0.98 0.51

SCEN method. More details of clustering analysis are listed in Sup-
plementary Note 3.

3.2. SCEN discovers new heterogeneity of immune cells marked by
ribosomal protein genes

In this work, we performed our SCEN method on a public data-
set of 2,700 Peripheral Blood Mononuclear Cells (PBMCs) made by
10X Genomics, which was a sample dataset in Seurat tutorial
(https://satijalab.org/seurat/v3.1/pbmc3k_tutorial.html). As shown
in Fig. 2a, clustering analysis of our AE matrix identifies all known
cell types that are also identified by gene expression matrix, but
our method detects two new subgroups of cells, RP + Monocyte
and RP + T cell by Seurat 3.1 [23]. RP + Monocyte is a subgroup
of CD14 + Monocyte, and RP + T cells come from three types of T
cells (CD8 + T cells, naive CD4 + T cells and memory CD4 + T cells)
(Supplementary Note 4).

Differential expression genes (DEGs) and differential AE genes
(DAEGs) analyses indicate that the AE of ribosomal protein genes
(RP genes) is much higher in RP + cells than other cells, and thus
we marked the two new subgroups with “RP+” (Fig. 2b). As shown
in Fig. 2¢, the number of DAEGs is much larger than DEGs, and
DAEGs cover most DEGs, which implies that the major differences
between RP + T cells/Monocytes and other T cells/Monocytes are in
AE instead of gene expression. We define the DAEGs that do not
belong to DEGs as “dark” genes, i.e. non-differential expression
genes but differential AE genes. There are 176 “dark” genes in
RP + Monocyte and 228 “dark” genes in RP + T cell. GO analyses
show that these “dark” genes are enriched to translation-related
GOs including translation initiation, mRNA catabolic process and
co-translational protein targeting to membrane (Supplementary
Note 5), demonstrating the major differences on the regulation of
translation level between RP + cells and other cells.

Furthermore, we constructed single-cell networks by our SCEN
method. We selected 4 cells from 4 different sources and con-
structed the networks of RP genes. Fig. 2d clearly demonstrates
that the associations of RP genes in RP + cells are much stronger
than other cells, which implies that the ribosomes are different
between RP + cells and other cells, i.e. the ribosomes in RP + cells
are complete while the ribosomes in other cells may be defective
comparatively.

Besides the dataset of 2,700 PBMCs, we also performed SCEN
method on other public datasets including PBMC-68 k dataset
[24] (containing about 68,000 PBMCs, NCBI SRA: SRP073767),
UCB dataset [25] (containing about 19,000 human umbilical cord
blood cells, NCBI BioProject: PRJINA524398) and Melanoma tumor
dataset [26] (containing 2,887 immune cells from melanoma
tumor, NCBI GEO: GSE72056). As shown in Fig. 3, although the
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expressions of the RP genes do not show obvious difference, it is
clear that the AE of RP genes varied greatly in the same cell type,
and RP + cells are universal in the immune cells from various
sources.

To confirm whether RP + cells represent a new cell type or not,
we inspect the expression levels of all marker genes of classical cell
types, and the results indicate that RP + cells do not express any
known marker genes specifically (Supplementary Note 6). We also
analyze the differential expression genes of RP + cells, and we can-
not find any gene that is only expressed in RP + cells. In addition,
we find the cells with low AE of RP genes highly express MHC class
I molecules (T cell) and MHC class Il molecules (Monocyte). In view
of the key role of MHC molecules in immune response and antigen
presentation, we do not consider RP + cells as a new cell type, but
reflect the active or inactive state of immune cells.

3.3. RP + cells are in the initial stage of pseudo-trajectory

In this work, we performed pseudo-trajectory analyses on T
cells and Monocytes from the human umbilical cord blood (UCB)
dataset [25] (Fig. 4). As shown in Fig. 4a-4d, Monocytes and T cells
are re-clustered separately, and trajectory analysis is performed
using Monocle2 [27].

We find that the RP + cells are located in the beginning of the
trajectory where the AE of RP genes presents a downward trend
along the trajectory. In Fig. 4a, for Monocytes, the trajectory starts
from RP + Monocytes and ends up with Monocytes highly express-
ing CD69, also known as a marker of Monocyte activation [28]. For
T cells, the trajectory starts from RP + T cells, follows by CD4 Tcy
and ends up with Tgy (Fig. 4d). It has been reported that in naive
T cells, RP genes are highly expressed and the ribosomal protein
are preferentially translated for the preparation of the upcoming
translation activities in cell proliferation [29]. Hence, we suppose
that the RP + cells in our work may be also related to the transla-
tion activities. To demonstrate this, we performed enrichment
analysis based on the differential AE genes (DAEGs) between the
cells on both ends of the trajectory. Besides the translation-
related GOs, we find some cytokine-mediated signaling pathways,
such as IL-17 signaling pathway and TNF-alpha / NF-kappa B sig-
naling pathway (Supplementary Note 7). This result implies that
the RP level of cells may be related to the external stimulus. We
also selected five representative pathways and analyze their asso-
ciations. We find the associations are the strongest in RP + cells,
which indicates the relationship between ribosome biogenesis |
assembly and T cell activation | differentiation |/ proliferation
(Fig. 4e). In addition, we also performed pseudo-trajectory analyses
and GO analyses on PBMC-68 k dataset [24] (Supplementary Note
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Fig. 2. Performance of SCEN on the PBMC dataset with 2700 cells. (a) Clustering based on AE matrix can identify two new groups of cells, RP + Monocyte and RP + T cell. (b) AE
and gene expression of some RP genes. Plots are colored by log(1 + AE) or log(1 + normalized counts). (c) Differential AE genes (DAEGs) and differential expression genes (DEGs)
analyses identify 176 “dark” genes (DAEGs but not DEGs) between RP + Monocytes and other CD14 + Monocytes, and 228 “dark” genes between RP + T cells and other T cells.
Some translation-related GOs are enriched from these “dark” genes. (d) 4 single-cell entropy networks from 4 single cells with different sources, where the nodes are some RP

genes.

8) and melanoma tumor dataset [26] (Supplementary Note 9), and
similar conclusion can be obtained.

3.4. AE of RP genes is associated with diseases and reflects the activity
of immune cells

In this work, we collected four public datasets related with dis-
eases, and each dataset contains multiple samples that were taken
from healthy donors or patients. For each sample/individual,
scRNA-seq produced a gene expression matrix, and we performed
SCEN method based on this matrix to produce an AE matrix. Then
we calculated RP level (average AE of RP genes) for each
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sample/individual based on the definition of Eqn. (1). We found
RP level is significantly associated with diseases, while AE of RP
genes is able to represent the activity of immune cells.

n m
RP level = log,, | 1 +% SN AR, (1)
i=1

=

where AEgp, ; represents the AE of RP gene i in cell j, m is the number
of RP genes and n is the number of cells.
We first analyzed a COVID-19 dataset that contains 135,600

cells derived from 24 donors (32 samples) (FigShare: https://doi.
org/10.6084/m9.figshare.12436517) [30], including 5 samples
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Fig. 3. The wide existence of RP + cells in (a) Peripheral blood mononuclear cells, (b) Human umbilical cord blood cells, and (¢) Immune cells from melanoma tumor tissue.
Clustering performance, AE of all RP genes and expression of all RP genes are illustrated.

from healthy people, 14 samples from moderate patients infected
by COVID-19 and 13 samples from critical patients. Each sample
includes various cell types that can be classified into immune cells
and epithelial cells. As shown in Fig. 5a, RP levels of immune cells
have the largest values in healthy people, the moderate values in
moderate patients, and the smallest values in critical patients. As
there are more active immune cells in patients than in healthy peo-
ple, there seems to be negative correlation between AE of RP genes
and the activity of immune cells. In addition, we can find the sig-
nificant difference of RP level in lung epithelial cells between
healthy people and COVID-19 patients. This result is of course as
lung epithelial cells are the target of COVID-19.

We next analyzed a public scRNA-seq dataset (GSE131907) that
contains 208,506 cells derived from 44 patients pathologically
diagnosed with lung adenocarcinoma (LUAD) (58 samples) [31],

which cover 7 metastatic lymph node samples (mLN), 10 normal
lymph node samples (nLN), 4 lung tumor tissue samples from
advanced stage LUAD patients (tL/B), 11 primary tumor tissue sam-
ples (tLung), 11 distant normal lung tissue samples (nLung), 5
pleural fluid samples (PE) from LUAD patients with malignant
pleural effusion, and 10 metastatic brain tissue samples (mBrain).
The extensive single cell profiles include cancer, stromal, and
immune cells in the surrounding tumor microenvironments. As
shown in Fig. 5b, in T cells, B cells and myeloid cells, RP level in
normal lymph nodes is much lower than that in metastatic lymph
nodes, suggesting the great influences of cancer cells on immune
cells, which is consistent with the existing studies [32]. In cancer
patients, immune evasion is a common phenomenon [33-35], i.e.
the immune cells cannot attack tumor cells. Thus, there are less
active immune cells in metastatic lymph nodes than normal lymph
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nodes. And we can still find the negative correlation between AE of and B cells, the RP levels of tumor lung tissues and distant normal
RP genes and the activity of immune cells, which is consistent with lung tissues are almost the same, and are both significantly higher
the previous conclusion in COVID-19 dataset. In addition, in T cells than those in normal lymph nodes, but similar to those in
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metastatic lymph nodes. This result suggests that even if the tumor
cells have not metastasized, perhaps they have inhibited the activ-
ity of immune cells in a wide range.

The third dataset (GSE145328) is from a study that reveals T-
cell landscape differences between cutaneous squamous cell carci-
noma tumors in immune competent (SCC in IC) and immune-
compromised organ transplant recipients (TSCC in OTR) [36]. This
dataset contained 32,738 cells derived from 5 SCC samples and 6
TSCC samples. As shown in Fig. 5¢, RP levels in TSCC samples from
immune-compromised patients are significantly higher than those
in SCC samples from immune competent patients. This result is
also consistent with the previous conclusion that there is negative
correlation between AE of RP genes and the activity of immune
cells.

Fig. 5d illustrates the change of RP level during the progression
of multiple myeloma (MM) [37], which is a cancer derived from B
cells. The dataset (GSE124310) contains 11,450 immune cells from
varying stages of MM progression: from healthy stage (NBM, 3
samples), to precursor stages: monoclonal gammopathy of unde-
termined significance (MGUS, 4 samples) and smoldering myeloma
(SMM, 5 samples), to full-blown MM (6 samples). We can see that
the RP level is associated with the progress of MM. RP levels are the
highest from the cells in healthy donors, is moderate from the pre-
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cursor stages MGUS and SMM, and is the lowest from full-blown
MM. This result demonstrates the association between disease pro-
gression and AE of RP genes again, and gives an insight into the
early immune changes of multiple myeloma.

In summary, the average AE of RP genes of immune cells in each
person is significantly associated with the healthy/disease state of
this person, which validated the biological significance of AE of RP
genes. Especially, we find the negative correlation between AE of
RP genes and the activity of immune cells. It seems that high AE of
RP genes (represent normal ribosomes) is associated with the inac-
tive or resting state of immune cells, and low AE of RP genes (repre-
sent defective ribosomes) is associated with the active state. This
inference is consistent with DRiPs hypothesis [13,14]. More statisti-
cal details of these results are provided in Supplementary Note 10.

4. Discussion

Traditional scRNA-seq analyses are based on gene expression
profiles, which aim to find new cell types with unique functions.
In this paper, we present a new method SCEN to analyze scRNA-
seq data based on gene-gene associations. From a dynamical view-
point, gene associations can more reliably and stably characterize
the feature/state of each cell, which may help us find the cell diver-
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sity that is ignored by traditional gene expression analysis. Based
on SCEN, we define association-entropy (AE) for each cell to mea-
sure the association strength of gene coexpression at single-cell
resolution, and we find the AE of ribosomal protein genes (RP
genes) varied greatly even in the same cell type of immune cells.

In order to rule out the possibility that the changes of RP genes
are randomly arisen from the use of particular technological plat-
forms, we further explored the relationship between the AE of RP
genes and diseases. We found the average AE of RP genes of
immune cells in each person is significantly associated with the
healthy/disease state of this person, while AE of RP genes is not
associated with the sex or age of donors. Thus, the possibility that
technical artifacts lead to the changes of RP genes is considered to
be quite low.

In traditional opinion, ribosomes act as a translation machine in
cells related to protein expression, in which ribosomal proteins
(RP) and ribosomal RNA (rRNA) are the main components. How-
ever, more and more studies have found that ribosomes are also
involved in DNA repair, regulation of cell development and stress
response [38-40]. Moreover, the heterogeneity of ribosomes has
been confirmed. Genuth et al. [8] used the state-of-the-art quanti-
tative mass spectrometry measurements to measure the absolute
abundance of 15 of the 80 core RPs in mouse embryonic stem cells,
and found that 4 of the 15 RPs existed in only 60-70% ribosomes.
This result indicates that ribosomes are different depending on
the composition of RPs, and some ribosomes are not complete
but deficient. In fact, even small changes of RPs could have large
effects on translation given that millions of ribosomes are present
in a single cell. Further studies found that different ribosomes have
different physiological functions, depending on mRNA selectivity
[9,10]. For example, Ferretti et al. [11] found that Rps26 con-
tributes to mRNA-specific translation by recognition of the Kozak
sequence in well-translated mRNAs, and Rps26-deficient ribo-
somes preferentially translate the mRNA from stress-response
pathways. This result confirms the relationship between RP com-
position and protein translation. Therefore, we infer that AE of RP
genes represents the heterogeneity of ribosomes based on existing
research and theory.

The relationship between immune response and ribosomes has
been concerned for twenty years [13]. Kinetic assays indicated that
CD8 + T cells are activated only one hour after adding influenza
viruses to cells [41,42]. This rapid response is essential to kill
infected cells before progeny viruses are released. However, from
the kinetics of protein translation, cells are impossible to produce
sufficient level of viral peptides and present on the cell surface to
activate T cells [43,44], so there must be a special mechanism for
rapid immune response. Many studies have confirmed a unique
translation mechanism, including CUG and other non AUG codes
can be used to initiate translation of antigenic peptides [45];
CUG initiation of antigenic peptides uses elF2A in place of elF2 as
translation initial factor [46]; the CUG initiation pathway is acti-
vated by pro-inflammatory stimuli, including influenza A virus
(IAV) infection [47]. Especially, Lee et al. [12] demonstrated special
relevance of ribosome heterogeneity to viral infections by knocking
down each RP in cultured cells: 61 RPs were required for cell via-
bility, while 8 RPs were required for vesicular stomatitis virus
infection but not cell viability. Yewdell [13,14] proposed a hypoth-
esis of immunoribosomes, which suggested that antigenic peptides
derived from defective ribosomal products (DRiPs), i.e. there is a
special ribosome that is particularly good at synthesizing antigens.

Recently, with the advent of ribosome analysis data, DRiPs has
been recognized as an important source of tumor-specific antigens
[48], and plays a critical role in immunesurveillance of viruses [49].
The non-canonical translation of mRNA by ribosomes is the major
cause of DRiPs. Wei et al. knocked down 80 ribosomal proteins sep-
arately and found that 14 ribosomal proteins can regulate specific
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peptides or alter MHC class I expression. Knockdown of RPS28
increased the total number of peptides in cells by promoting DRiPs
synthesis from non-canonical translations of “untranslated”
regions (UTRs) and non-AUG start codons in mRNA, and enhanced
the ability of CD8 + T cells to kill melanoma cells [50]. These results
demonstrated that ribosomal protein mutations are closely related
to DRiPs synthesis. Patel et al. found that RPL23-pertubed cells can
resist T-cell mediated lysis, demonstrating that RPL23 negatively
regulates CD8 + T cells to kill melanoma cells [51]. These previous
findings support the relevance of ribosomal proteins to
immunesurveillance.

In this study, we clearly illustrate the negative correlation
between AE of RP genes and the activity of various immune cells,
which implies that the deficient ribosomes (low AE of RP genes)
are more enriched in active immune cells. This result is consistent
with the DRiPs hypothesis and provides new evidence for the rela-
tionship between ribosome heterogeneity and immune response.
In addition, our analysis also found that there was no significant
difference on transcriptomic level between the immune cells of
high AE of RP genes and low AE of RP genes. This result is also con-
sistent with the experimental evidence that knockdown of several
RPs had minor effects on the transcriptome, which suggests that
the effects of RPs on antigen presentation may arise directly from
the affected ribosomes rather than the downstream “ribosomal
stress” effects [52].

Generally, it is hard to measure gene expression and detect the
activity of immune cells simultaneously at a single-cell level by
current experimental technology, but our network-based method
opens a new way, which is only based on scRNA-seq data. As the
activity of immune cells is strongly associated with many diseases,
our method provides a new tool to discover the change of immune
cells during the disease progression. Clinically, human
immunotherapy urgently requires more detailed characterization
of immune cell response at the level of target peptides. As a new
bioinformatics tool for single-cell RNA-seq data, SCEN method
can predict tumor-specific ribosomal protein alterations for indi-
vidual patients, which provides a new perspective to the improve-
ment of immunotherapy.

5. Conclusions

In this paper, we present a new network-based method SCEN
for scRNA-seq analysis. SCEN can identify all known cell types that
have been discovered by traditional gene-expression-based analy-
sis. Furthermore, SCEN can detect the activity of immune cells
based on AE of RP genes that characterizes the heterogeneity of
ribosomes and implicitly reflects the differences at the protein
level. Analyses of several public datasets on immune cells indicate
that the average AE of RP genes for each person is significantly
associated with the healthy/disease state of this person, and AE
of RP genes is negatively correlated with the activity of immune
cells. We believe that SCEN method provides a new bioinformatics
tool to measure gene expression and detect the activity of immune
cells simultaneously at single-cell level. In addition to single-cell
data, clearly SCEN can be directly applied to bulk tissue data to
construct single-sample gene entropy/association network for net-
work biomarker analysis [53,54] and dynamic network biomarker
(DNB) analysis [55-59]. And SCEN method may provide more bio-
logical insights into the heterogeneity of single cells and discover
further other biological processes beyond gene expression.

6. Availability

More details of our SCEN method are illustrated in the Supple-
mentary Information. The source code in this work is available in
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the Hao Dai’s repository: https://github.com/wys8c764/SCEN,
which can be only used for learning and communication.
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