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markers FOS/JUN in pre-deteriorated epithelial
cells is associated with the progression
of colorectal adenoma to carcinoma
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Abstract

Background Deterioration of normal intestinal epithelial cells is crucial for colorectal tumorigenesis. However, the
process of epithelial cell deterioration and molecular networks that contribute to this process remain unclear.

Methods Single-cell data and clinical information were downloaded from the Gene Expression Omnibus (GEO)
database. We used the recently proposed dynamic network biomarker (DNB) method to identify the critical stage of
epithelial cell deterioration. Data analysis and visualization were performed using R and Cytoscape software. In addi-
tion, Single-Cell rEgulatory Network Inference and Clustering (SCENIC) analysis was used to identify potential tran-
scription factors, and CellChat analysis was conducted to evaluate possible interactions among cell populations. Gene
Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and gene set variation analysis (GSVA) analyses
were also performed.

Results The trajectory of epithelial cell deterioration in adenoma to carcinoma progression was delineated, and the
subpopulation of pre-deteriorated epithelial cells during colorectal cancer (CRC) initialization was identified at the
single-cell level. Additionally, FOS/JUN were identified as biomarkers for pre-deteriorated epithelial cell subpopula-
tions in CRC. Notably, FOS/JUN triggered low expression of P53-regulated downstream pro-apoptotic genes and
high expression of anti-apoptotic genes through suppression of P53 expression, which in turn inhibited P53-induced
apoptosis. Furthermore, malignant epithelial cells contributed to the progression of pre-deteriorated epithelial cells
through the GDF signaling pathway.

Conclusions We demonstrated the trajectory of epithelial cell deterioration and used DNB to characterize pre-dete-
riorated epithelial cells at the single-cell level. The expression of DNB-neighboring genes and cellular communication
were triggered by DNB genes, which may be involved in epithelial cell deterioration. The DNB genes FOS/JUN provide
new insights into early intervention in CRC.
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Background
Colorectal cancer (CRC) is the third most frequent dis-
ease and second leading cause of cancer-related fatalities
globally [1]. The genomic and transcriptomic landscapes
of familial adenomatous polyposis have been delineated
at the single-cell level [2]. In addition, previous study has
mapped the single-cell resolution of colorectal adeno-
mas and serrated polyps [3]. Joanito et al. identified two
epithelial tumor cell states based on single-cell and bulk
transcriptomic analysis and further refined the consen-
sus molecular classification of CRC [4]. In vitro colorectal
cancer organoid culture systems were systematically eval-
uated at the single-cell scale [5]. Teng et al. revealed the
molecular basis of the impact of gut microbes on the effi-
cacy of neoadjuvant radiotherapy in locally advanced rec-
tal cancer based on host-bacterial colony interactions [6].
Based on clinical studies, early detection is necessary for
timely intervention in patients with CRC. However, most
studies have concentrated on the analysis of advanced-
stage tumors [7-9] and have largely ignored precancer-
ous lesions. Consequently, the transition process from
the precancerous to cancerous state and the molecular
drivers of this transition remain underexplored. Deterio-
ration of intestinal epithelial cells is crucial for colorectal
tumorigenesis. It has been demonstrated that a variety of
variables, such as genetic mutations, growth factors, and
cytokines, contribute to the deterioration of epithelial
cells [10]. In addition, the hypothesis that a population of
carcinoma precursor epithelial cells exists during epithe-
lial cell deterioration has been proposed [11]. However,
the process of epithelial cell deterioration in CRC remains
unclear. Therefore, if pre-deteriorated epithelial cells and
regulatory molecular networks can be found during CRC
epithelial cell deterioration to intervene with the develop-
ment of the adenoma-carcinoma sequence, this may be a
breakthrough in preventing the early occurrence of CRC.
Dynamic network biomarkers (DNBs), which are a
small group of closely connected variables that can be
used to provide early warning signals of impending criti-
cal transitions through drastic statistical indicators, offer
a statistical method for assessing variables related to
critical states [12—14]. DNBs are a group of biomolecules
that can signal critical states prior to the rapid deterio-
ration of complex diseases. The DNB method has pre-
viously been applied in CRC research. For example, Hu
discovered a subpopulation of pre-exhausted CD8+T
cells based on DNB and single-cell data, which contrib-
utes to T cell exhaustion in CRC. The main causes of T

cell exhaustion were found to be the hub genes CCT6A
and TUBAIB [15]. According to single-cell analysis of
CRC adjacent tissue B cells, stage II was a crucial stage
before lymph node metastasis, and the DHX9 gene par-
ticipated in dynamic network changes during CRC devel-
opment [16]. In addition, several research teams have
applied the DNB method to examine lung metastasis in
hepatocellular carcinoma, as well as irreversible altera-
tions during cell differentiation [17, 18]. Currently, sin-
gle-cell RNA sequencing (scRNA-seq) is a potent method
to address the heterogeneity of epithelial cells in the CRC
microenvironment. By combining scRNA-seq and DNB,
we may be able to identify pre-deteriorated epithelial
cells and essential functional molecular networks in the
CRC microenvironment.

In this study, we aimed to clarify the mechanism under-
lying epithelial cell deterioration in CRC and to identify
pertinent targets and biomarkers in pre-deteriorated epi-
thelial cells. To identify biomarkers of pre-deteriorated
epithelial cells in CRC, we constructed an epithelial cell
deterioration trajectory in CRC using the scRNA-seq
dataset (GSE161277) supplied by the research team of
Hubing Shi [11, 19]. We also evaluated gene network
modifications in epithelial cells during deterioration
using the DNB method, and interpreted the roles of these
genes in terms of networks. Finally, we investigated the
cellular interactions between pre-deteriorated and malig-
nant epithelial cells. In summary, this study not only suc-
ceeded in identifying a subpopulation of pre-deteriorated
epithelial cells during CRC initialization but also discov-
ered a core molecular network that plays a critical role
in this subpopulation. We hope that these findings will
provide novel biomarkers or useful targets for early CRC
intervention.

Methods

Theoretical basis

We developed a single-cell landscape entropy (SCLE)
method to detect a critical state before a critical transi-
tion from a relatively normal state to a deteriorated state
(Fig. 1A). A group of molecules known as dynamic net-
work biomarker (DNB) biomolecules exists and satisfies
the following three properties:

1. The standard deviation (SD,,) for genes in the DNB
group increases drastically;
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2. The Pearson’s correlation coefficient (PCC,,) for
genes in the DNB group increases drastically;

3. The Pearson’s correlation coefficient (PCC,,,)
between any one member in the DNB group and any
other non-DNB member decreases rapidly;

These three properties are necessary for phase transi-
tion in biological systems. Clearly, the early-warning
signals of the critical transition in a system are detected
through quantifying the perturbation in the local net-
works of some drastically fluctuating variables.

The time period can be viewed as a pseudotime that
reflects the process of epithelial cell deterioration. Based
on various intracellular gene expression patterns, the
deterioration trajectory of epithelial cells is divided into
six subpopulations, each of which is considered as a time
point.

Algorithm for identifying the signal of critical transition
based on single-cell landscape entropy (SCLE)

Based on the time series of scRNA-seq data, the fol-
lowing algorithm was used to predict critical transition
(Fig. 1B):

[Step 1] Normalize scRNA-seq data. The original
gene expression matrix with M rows/genes and N
columns/cells was normalized using the logarithm
log(1 + x) at each time point.

[Step 2] Define the global template network N©.
The global template network N was constructed
by mapping genes to a protein—protein interaction
(PPI) network obtained from the STRING data-
base, with all isolated nodes discarded.

[Step 3] Extract each local network from the global
template network NC. Specifically, there are M
genes in the global template network N© corre-
sponding to M local networks LNk(kz 1, 2,3, ..,
M). The local network LN¥ is centered on gene gk,
with its first-order neighbors {g{(, gé(, s gé} serv-
ing as edges.

[Step 4] Calculate the gene-specific local SCLE
score Ht(k) for each local network at a time point
t. The associated local SCLE score for a local net-
work a7k centered on a gene gk was obtained as
follows:
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where SD(gk(t)) denotes the standard deviations of
the central gene gX at a time point ¢ and PCC(g(¢),
gjk(t)) denotes the Pearson’s correlation coefficient
between the central gene gX and a neighboring gene
gjk at a time point £. The constant Q is the number of
neighboring genes in the local network LN*,

[Step 5] Calculate the time-specific SCLE score H;
based on a set of genes with the greatest local SCLE
values, that is:

H, = HP, 3)

k=1
where the constant R, representing the number of
top 5% of genes with the highest local SCLE value, is
an adjustable parameter. Hy, the SCLE score of time
point ¢ in Eq. 3, can be applied to identify the early
warning signals for the critical transition. At each
time point, the SCLE value of a particular cell popu-
lation is employed as the time-specific SCLE score to
identify the critical point.

As the system approaches the vicinity of the
critical point, the DNB molecules exhibit fluctuating
collective behavior, causing the dependent proper-
ties of the DNB members in the critical state to dif-
fer from those in the before-transition state. More-
over, the local SCLE value Ht(k) in Eq. 1 increases
sharply as the system approaches the critical point
(Fig. 1B).

Data processing

The scRNA-seq data used for this research were obtained
from the Gene Expression Omnibus (GEO) database
with accession number GSE161277 [11]. We processed
the scRNA-seq data using Seurat (version 4.1.1) pipelines
[20]. Owing to biological differences between tissues, we
removed batch effects from patients using the R package
Harmony (version 0.1.0) [21]. The resolution parameter
of FindClusters function was set at 1 for all cell types and
0.6 for the epithelial cell subpopulation.
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Copy number variants (CNV) analysis

The R package infercnv (version 1.10.1) was used to cal-
culate CNVs in epithelial cells and to identify malignant
cells using default parameters. Epithelial cells from nor-
mal tissues were used as the controls.

Trajectory analysis

The R package Monocle (version 2.22.0) [19] was imple-
mented to infer the epithelial cell deterioration trajectory.
For trajectory inference, differentially expressed genes
(DEGs) of the malignant cell subpopulation were used as
ordering genes. We then obtained the epithelial cell dete-
rioration trajectory after dimension reduction and cell
ordering with the ordered genes.

DEG identification and functional enrichment analysis

The FindMarkers function in Seurat (version 4.1.1)
[20] was used to identify DEGs for each cluster. Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment analyses were
performed using the clusterProfiler package (version
4.2.2) [22]. The R package Gene Set Variation Analy-
sis (GSVA; version 1.42.0) [23] was used for functional
enrichment analysis.

Protein—protein interaction network analysis

The PPI network of DNB genes was constructed using
the STRING database (version 11.5) [24]. We exported
the adjacency matrix by visualizing it in Cytoscape (ver-
sion 3.9.1) [25], calculating the degree of each gene using
the CytoHubba plugin, and selecting the top 50 genes for
visualization.

Cell-cell interaction and single-cell regulatory network
inference and clustering (SCENIC) analyses

Cell—cell interaction analysis was performed using Cell-
Chat (version 1.5.0) [26]. We evaluated the possible
interactions among the cell populations based on the
ligand-receptor pair data in CellChatDB. Using the R
package SCENIC (version 1.3.1) [27], SCENIC analysis
was used to identify potential transcription factors in
cells on the pseudotime trajectory and to analyze their
transcriptional activity.

Statistical analysis

Statistical analysis and visualization were conducted and
implemented using R software (version 4.1.2), and the
statistical threshold for significance was set at p<0.05.
The detailed code is available from the link of GitHub
(https://github.com/Katherine776666/CRC_Epi_DNB).
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Results

Identification of epithelial cell subtypes and their
deterioration trajectory

Strict quality control standards were implemented to
screen the processed scRNA-seq data in the original arti-
cle, and Uniform Manifold Approximation and Projec-
tion (UMAP) was performed on the cell populations in
normal, adenoma, and carcinoma tissues for visualization
(Additional file 1: Fig. S1A). Based on canonical markers
for known cell lineages, the identified clusters were anno-
tated as biological cell types (Additional file 1: Fig. S1B
and Additional file 8: Table S1), epithelial cells (EPCAM),
T cells (CD3D), Follicular B cells (MS4A1), Plasma B
cells (MZBI), Macrophages (CD68), and Fibroblasts
(DCN). To better investigate colorectal carcinogenesis,
we extracted 11,635 labeled epithelial cell samples from
three tissues for further analysis. InferCNV analysis was
then performed on epithelial cells to identify malignant
epithelial cells (Additional file 2: Fig. S2). Based on the
results of the inferCNV analysis, epithelial pathological
genetic markers [28] and canonical colorectal epithe-
lial markers, 11,635 epithelial cells were reclustered into
seven subpopulations (Fig. 2A, B and Additional file 9:
Table S2).

To better understand the molecular mechanisms of
colorectal carcinogenesis, we constructed the deteriora-
tion trajectory of epithelial cells based on three subpopu-
lations of epithelial cells: benign, TUBA1B+H2AFZ +
HMGB2+HIST1H4C+, and malignant cells. Based on
various intracellular gene expression patterns, epithelial
cell deterioration was divided into six clusters (Fig. 2C,
D). APCDDI, REGIA, and SELENBPI were significantly
highly expressed in the epithelial cell subpopulation at
the beginning of the differentiation trajectory (Fig. 2E
and Additional file 1: Fig. S1C, D). As epithelial cell dete-
rioration had not yet begun, the expression of benign epi-
thelial cell markers was high, whereas that of malignant
epithelial cell markers shown in Fig. 2B was low (Fig. 2E,
F and Additional file 1: Fig. S1C-F). During the deterio-
ration process, non-deteriorated, pre-deteriorated, and
malignant epithelial cell subpopulations have unique
characteristics. In addition to the increased expression of
mutated genes with the deterioration of epithelial cells,
key functional genes in epithelial cells were also altered
(Fig. 2G). With the exception of NUPRI, low expression
of epithelial cell apoptotic genes was associated with the
deterioration of epithelial cells. Additionally, the expres-
sion of NUPRI increased with tumor aggressiveness
[29]. Malignant epithelial cells showed elevated NUPR1
expression, which may have boosted tumor aggressive-
ness. Furthermore, cell proliferation genes were highly
expressed in malignant epithelial cells, suggesting that
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the terminal subpopulations were active in response to
additional proliferative signals (Fig. 2G).

To identify the specific cell populations responsible for
deterioration, we conducted a DEG analysis on six epithe-
lial cell subpopulations. At the beginning of the deteriora-
tion trajectory, we identified the epithelial cell subpopulation
as REGIA+LEFTY1+SMOC2+PCCA +epithelial cell.
It is possible that this subpopulation will deteriorate. Typi-
cal defensive, secretory, and absorptive capabilities were
still present, with high expression of genes that characterize
benign epithelial cells (Fig. 2E and Additional file 1: Fig. S1C,
D). In contrast, the epithelial cell subpopulation at the end
of the deterioration trajectory highly expressed malignant
epithelial cell marker genes, including MAMP7 and EROIA
(Fig. 2F, Additional file 1: Fig. SIE and Additional file 10:
Table S3). Additionally, we found that malignant epithelial
cell subpopulations were different. Malignant epithelial cells
were identified as LYZ+CST3+STMN1+CYP2W1 +epi-
thelial cell and MMP7+ FABP1 + TFF1+ CKB + epithelial
cell (Fig. 2H). Finally, we investigated the trajectory of epithe-
lial cell deterioration in CRC adenomas and carcinomas.

Identification of pre-deteriorated epithelial cell
subpopulation in colorectal tumorigenesis
Using the DNB approach, we discovered a subpopula-
tion of pre-deteriorated epithelial cells with a strong
signal of the critical state prior to epithelial cell deterio-
ration, as shown by the considerable shift in single-cell
landscape entropy (SCLE) in the fourth period (Fig. 3A).
We identified the fourth-period subpopulation as
FABP5+ S100P 4+ PLA2G2A + TUBA1B + epithelial cells.
Notably, SI100P, the pre-deteriorated marker, was both a
DNB gene and a DEG for these pre-deteriorated epithe-
lial cells, demonstrating that this cell subpopulation had
already begun to exhibit deterioration characteristics
and can be defined as pre-deteriorated epithelial cells.
In total, 260 DNB genes were identified in this study. In
the critical state, the DNB module genes fluctuated dras-
tically, with a wide deviation in gene expression and a
strong association within the module. Therefore, we con-
structed a network for DNB core genes, such as GAPDH,
EEF2, HSPA8 and EEFIA1I, which ranked highly in the
network in terms of molecular degree and may be cru-
cial for the deterioration of epithelial cells (Fig. 3B and
Additional file 3: Fig. S3A-D). Based on GO enrichment
analysis, DNB genes were enriched in several regulatory
pathways related to proliferation or apoptosis, such as
epithelial cell proliferation, apoptotic signaling pathways,
signal transduction by p53-like mediators, and NIK/NF-
kappaB signaling (Additional file 4: Fig. S4A).

To further discover functional changes in DNB genes
in pre-deteriorated epithelial cells as defined by DNB,
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Fig. 2 Trajectory of epithelial cell deterioration. A UMAP clustering of epithelial cells (n=11,635) from scRNA-seq of patients with CRC. B Expression
of marker genes in seven clusters of epithelial cells. C, D Potential trajectory of epithelial cell deterioration in adenoma and carcinoma tissues
(n=3688) inferred using Monocle2 based on gene expression. Pseudotime is shown numbered 1- 6 and the red dash indicates the direction

of the pseudotime. E, F The expression levels of APCDD1 and MMP7 in different pseudotime of epithelial cell subpopulation. The average gene
expression is indicated by the black dash. G The heatmap shows dynamic changes in gene expression, including benign epithelial markers, mutant
genes associated with epithelial cell deterioration, epithelial apoptotic processes, and cell proliferation. H The heatmap shows expression of cell
type-specific gene markers in different epithelial cell clusters. Marker genes for each cluster identified by Seurat analysis, with four genes selected
for each cluster highlighted at the top
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Fig. 3 Identification of epithelial cell subtype. A The graph on the left demonstrates that the curve of SCLE score H; defined in Materials and
Methods suddenly increases as the system approaches the critical point (p=0), which is considered as a critical state transition at a bifurcation
point. The graph on the right demonstrates that pre-deteriorated epithelial cells were in the critical state and potential trajectory of epithelial cell
deterioration is same as Fig. 2D. B The graph shows the PPl network of DNB core genes. C Function analysis (GSVA) demonstrates that various gene
sets may have varying effects on the progression of epithelial cell deterioration. Pathways that were significantly enriched in the pre-deterioration
stage are marked in red. Limma was used to compare enrichment score between before-deterioration stage and pre-deterioration stage, as well
as between pre-deterioration stage and deteriorated stage. D The heatmap demonstrates the TF regulatory activity (AUC z-score) estimated using
SCENIC analysis. The five TFs with increased transcriptional activity were chosen for visualization in before-deterioration stage and deteriorated
stage, respectively. Limma was used to compare AUC discrepancies between before-deterioration stage and pre-deterioration stage, as well as
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GSVA analysis was applied to these epithelial cells. The
results showed that the p53 signaling pathway was con-
siderably enriched in pre-deteriorated epithelial cells
(Fig. 3C), which is consistent with the results of other
study [11]. Furthermore, after the DNB-derived pre-
deterioration period, oncogenic signaling pathways such
as JAK-STAT, Wnt, PI3K-Akt, VEGF, and TGF-p were
significantly altered. In addition, the citrate cycle (TCA
cycle) and glycolysis/gluconeogenesis were downregu-
lated in the early stages of the proposed chronotropic tra-
jectory, and then upregulated at the end of the proposed
chronotropic trajectory (Fig. 3C). This result is consist-
ent with previous studies showing that malignant cells
primarily use glycolysis rather than the TCA pathway to
generate energy and intermediate precursors for metabo-
lite biosynthesis, a phenomenon known as the Warburg
effect [2, 30]. Consequently, we identified a subpopula-
tion of pre-deteriorated epithelial cells with unique gene
expression patterns and functional transition states.

We further performed SCENIC analysis of these epi-
thelial cells to investigate the transcription factors that
may play a regulatory role in the deterioration of epi-
thelial cells. Specific co-expressed TFs and their poten-
tial target genes were identified (Fig. 3D and Additional
file 5: Fig. S5). The results revealed a significant differ-
ence in the regulatory activity of the TFs obtained from
screening before and after the critical period. Apoptosis-
induction-related TFs [31] such as FOS, JUN, and TP53
exhibited significantly higher transcriptional activity
in before-deteriorated cell populations than in deterio-
rated cell populations. Notably, FOS and JUN form AP-1
transcription factor dimers that affect cell life and death
by regulating the expression and transcriptional activ-
ity of the tumor suppressor gene, TP53 [32]. In contrast,
the upregulation of the transcriptional activity of MYC,
MYBL2, and XBPI is associated with cell proliferation
[33-35], which may contribute to the progression of pre-
deteriorated epithelial cells toward deterioration.

(See figure on next page.)
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Low expression of P53 triggered by FOS/JUN suppressed
P53-induced apoptosis in pre-deteriorated epithelial cells,
contributing to epithelial cell deterioration

We used a soft clustering algorithm to categorize DNB-
neighboring genes based on their expression trends and
discovered drastic changes in the gene expression levels
of the epithelial cell subpopulation between the critical
state and after the critical state (Fig. 4A). Furthermore,
the critical period detected using the DNB method was
considered the period of pre-deteriorated epithelial cells
(Fig. 3A). Once the critical period is complete, these cells
become malignant epithelial cells.

To systematically explore the roles of DNB genes in the
pre-deteriorated epithelial cell subpopulation, we con-
structed a PPI network for DNB and DNB-neighboring
genes. We found that the expression of DNB-neighboring
genes showed flip-flop changes after the critical period
(Fig. 4B). Therefore, these DNB-neighboring genes are
regarded as reversed genes that play a significant role
in epithelial cell deterioration. DNB genes also interact
with reversed genes in the network, which may change
gene expression patterns or regulate downstream inter-
actions. Remarkably, these DNB-neighboring genes were
enriched in pathways such as colorectal cancer, apopto-
sis, and metabolism-related pathways (Additional file 4:
Fig. S4B). Subsequently, we mapped DNB genes and
DNB-neighboring genes to these pathways and observed
a regulatory role of DNB genes on DNB-neighboring
genes in the apoptosis pathway. Therefore, we selected
this section for further analysis.

Furthermore, we constructed a subnetwork of DNB
genes and DNB-neighboring genes mapped to the
apoptotic pathway. These DNB-neighboring genes
are driven by DNB genes. We discovered that FOS
and JUN act as DNB genes to drive the reversal altera-
tions of P53 expression (Fig. 4C and Additional file 6:
Fig. S6A). We observed that the expression of the DNB
genes FOS and JUN significantly decreased with epithe-
lial cell deterioration (Fig. 4D, E), which is consistent
with a previous study [36]. Additionally, the expression

Fig. 4 The reversed expression of DNB-neighboring genes is driven by DNB genes. A The series of graphs illustrates the pattern of dynamic
changes in DNB neighboring genes between Pre-deterioration stage and Deteriorated stage using MFUZZ. B Cytoscape visualization of the
interaction network between the DNB genes and their neighboring genes, including three stages of epithelial cell deterioration. The DNB genes are
represented by square-shaped network nodes from the pink region. The DNB-neighboring genes are represented by the network nodes grouped in
circles from the orange region. All three types of deterioration states involve the same genes and their locations in the network, and a gradient from
blue to red denotes low to high levels of gene expression. C Cytoscape visualization of DNB genes and their neighboring genes interaction network
in the pre-deterioration stage. Rectangles represent the DNB genes, and circles represent the DNB-neighboring genes. The gradient from blue to
red denotes low to high levels of gene expression. D-F The expression of FOS, JUN and TP53 in before-deterioration stage and deteriorated stage.
Differences in expression are checked using the Wilcox test. G FOS and JUN regulated the expression of P53 and its downstream apoptosis-related
genes to suppress P53-induced apoptosis. The oval represents DNB genes, the rectangle represents DNB-neighboring genes, and the diamond
represents additional genes that do not belong to any category. The gradient from blue to red denotes low to high levels of gene expression



Huang et al. Journal of Translational Medicine

(2023) 21:45

Page 9 of 16

- <
@ @
3 3 ©
2 2 ©
Fo— £
5 g S
< <
2 2
2 @
2 2
4 o
5 <3
2 k3
] wo
° ?
T
Befc i Py ( Deteriorated stage Before-deterioration Pre-deterioration

DNB genes

DNB-neighboring
genes

Before-deterioration
stage

Pre-deterioration
stage

Before-deterioration
stage

Pre-deterioration
stage

Deteriorated
stage

Fig.4 (See legend on previous page.)

= Positive regulation

= = = » Indirect interaction -1 0 1

stage stage

Pre—deterioration

Deteriorated stage

Gene Expression

Deteriorated stage I
-

Expression of TP53

stage
Expression of FOS E Expression of JUN F
p<22%-16 <2216 20
4
B 15
3
< < <
s s s
2 2 2
g 14 210
5 g 5
£ £ £
a2 I o
2
05
h
o EN o 0.0
Before-deterioration Deteriorated Before-deterioration Deteriorated

p<222e-16

stage. stage

Apoptosis

p53 signaling pathway

DNA

= = » Apoptosis
Apoptosis p53 signaling pathway
— — » Apoptosis

O DNB gene
(.
<&

Gene Expression

- 1 1%t-order neighbors

other gene

Before-deterioration Deteriorated

stage



Huang et al. Journal of Translational Medicine (2023) 21:45

of P53, a DNB-neighboring gene in pre-deteriorated
epithelial cells, significantly decreased with epithelial
cell deterioration (Fig. 4F). Subsequently, we selected
four apoptosis-related genes with known functions
(two pro-apoptotic and two anti-apoptotic) and ana-
lyzed their gene expression to identify apoptotic trends
during epithelial cell deterioration. The results demon-
strated that during the deterioration of epithelial cells,
the expression of pro-apoptotic genes, such as BBC3 and
CASP6, dramatically decreased, whereas the expression
of anti-apoptotic genes, such as GADD45A and XIAP,
significantly increased (Additional file 6: Fig. S6B). This
suggests that apoptosis was inhibited during epithelial
cell deterioration. SCENIC analysis demonstrated that
the transcriptional activities of FOS and JUN had simi-
lar expression patterns (Fig. 3D), suggesting that they act
synergistically. JUN and FOS are proto-oncogenes with
expression products that can dimerize to form the activa-
tor protein-1 (AP-1) complex [37, 38], which is involved
in tumorigenesis by regulating the expression and tran-
scriptional activity of the target gene P53 to affect apop-
tosis [32]. In our gene regulatory role analysis, FOS and
JUN formed the AP-1 complex that regulates the expres-
sion of downstream apoptosis-related genes of the P53
pathway by inhibiting the expression of P53, contributing
to the suppression of P53-dependent apoptosis (Fig. 4G).
Consequently, FOS and Jun drive low expression of P53
to suppress P53-induced apoptosis, which may contrib-
ute to epithelial cell deterioration.

Malignant epithelial cells contributed to the progression

of pre-deteriorated epithelial cells toward deterioration
through the GDF signaling pathway

We performed CellChat analysis to explore the inter-
actions between the six epithelial cell populations on
the deterioration trajectory. GDF15 promotes cell
proliferation by binding to its receptor TGFBR2 [39].
Compared to the other five subpopulations of epithe
lial cells, MMP7 + FABP1 + TFF1 + CKB + epithelial cell
showed the highest expression of ligand-receptor
pair in the GDF signaling pathway (Additional file 7:
Fig. S7D). As a sender of the GDF signaling pathway,
MMP7 4 FABP1 + TFF1 + CKB + epithelial ~cells con
veyed the strongest proliferation signal to FABP5

(See figure on next page.)
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+S100P+PLA2G2A +TUBA1B+epithelial cells (Fig. 5A
and Additional file 7: Fig. S7A), which may contribute to the
progression of pre-deteriorated epithelial cells toward
deterioration. In addition, the expression level of GDF15
was significantly upregulated with epithelial cell deterio-
ration (Fig. 5D), which is consistent with a previous study
[40]. In this study, GDF15 was a DNB gene in the pre-
deteriorated epithelial cell subpopulation, and TGFBR2 is
a DNB-neighboring gene. DNB genes interact with their
neighboring genes and may provide feedback to the DNB
gene population to influence cellular communication
(Fig. 5E). In conclusion, we suggest that malignant epi-
thelial cells may accelerate the progression of pre-dete-
rioration of epithelial cells toward deterioration through
the GDF signaling pathway.

Furthermore, we investigated whether intercel-
lular communication among cell populations in the
tumor microenvironment (TME) affects the deteriora-
tion of cell populations at the critical point. The results
showed that T cells influenced the deterioration of
FABP5 + S100P + PLA2G2A + TUBA1B + epithelial
cells through CD8A-CEACAMS, along with the high-
est communication probability and increased expres-
sion of the ligand-receptor pair (Fig. 5B and Additional
file 7: Fig. S7B, E). Additionally, macrophages, plasma
B cells, and fibroblasts affected the deterioration of
FABP5+ S100P +PLA2G2A 4+ TUBA1B + epithelial cells
through GRN-SORT! (Fig. 5C). Notably, macrophages
possessed the highest expression of ligand-receptor
pairs and the highest communication probability in the
GRN signaling pathway (Additional file 7: Fig. S7C, F).
These results suggest that T cells and macrophages may
be involved in epithelial cell deterioration through the
CEACAM/GRN signaling pathway.

Discussion

Determining the process of epithelial cell deterioration is
a significant challenge when dissecting colorectal tumo-
rigenesis. However, scRNA-seq is a useful technique for
characterizing cell subpopulations in CRC. This study
describes the trajectory of epithelial cell deterioration.
We used DNB to identify biomarkers for pre-deteriorated
epithelial cells during the critical deterioration period. At
the level of intercellular communication, we discovered

Fig. 5 Intercellular communication contributes to epithelial cell deterioration. A Chord plot shows the interactions among cell subpopulations on
the epithelial cell deterioration trajectory through the GDF signaling pathway. B Chord plot shows the interactions among cell populations in the
TME through the CEACAM signaling pathway. C Chord plot shows the interactions among cell populations in the TME through the GRN signaling
pathway. D The expression of GDF15 in before-deterioration stage and deteriorated stage. Differences in expression are checked using the Wilcox
test. E Cytoscape visualization of the protein—protein interaction network. Red rectangles represent DNB-genes, and blue rectangles represent
DNB-neighboring genes. Genes that directly engaged in the network are represented by the solid green line, and genes that indirectly engaged in

the network are represented by the orange dotted line



Huang et al. Journal of Translational Medicine (2023) 21:45 Page 11 of 16
A GDF signaling pathway network B CEACAM signaling pathway network
o
4
® 2
a 8
8 5
5 N ceacamy
G Ce,
5 OFis A s o
o o I
§ / ‘ - // ey,
o) 7
o Ny N, [ g S
SO %
00 ©w o) &3 - < 1,
2 2] s % 7
5 ! 3 Y,
z S %
(] E g Z,
Celltype o Celltype
M REG1A+ LEFTY1+ SMOC2+ PCCA+ Epithelial Cell M REG1A+ LEFTY1+ SMOC2+ PCCA*+ Epithelial Cell
'SELENBP1+ APCDD1+ DPEP1+ ID3+ Epithelial Cell Ml SELENBP1+ APCDD1+ DPEP1+ ID3+ Epithelial Cell
PIGR+ CD74+ SPINK4+ LCN2+ Epithelial Cell PIGR+ CD74+ SPINK4+ LCN2+ Epithelial Cell
FABP5+ S100P+ PLA2G2A+ TUBA1B+ Epithelial Cell FABP5+ S100P+ PLA2G2A+ TUBA1B+ Epithelial Cell
LYZ+ CST3+ STMN1+ CYP2W1+ Epithelial Cell M LYZ+ CST3+ STMN1+ CYP2W1+ Epithelial Cell
M MMP7+ FABP1+ TFF1+ CKB+ Epithelial Cell W MMP7+ FABP1+ TFF1+ CKB+ Epithelial Cell
M Teell
c GRN signaling pathway network D
. Expression of GDF15
o]
§ s 7.5e-05

8
@, k3
2 1
.

% 0
\N
\~

[2]
k]
Z
Expression
w »

Celltype

B REG1A+ LEFTY1+ SMOC2+ PCCA* Epithelial Cell
SELENBP1+ APCDD1+ DPEP1+ ID3+ Epithelial Cell

PIGR+ CD74+ SPINK4+ LCN2+ Epithelial C:

MMP7+ FABP1+ TFF1+ CKB+ Epithelial Cell
Fibroblast

Plasma B cell — .
[ Plasma B cel Before-deterioration Deteriorated

stage stage

E LDHB

¢ vorz B
.

-

4 Ay

PGAM1

NDUFAB1
L - . STMN1

.

.
LGALS3 +
’ '. TXN

4 1'—_
* ’

.
s

SLC25A5

TGFBR2

’

SLC25A6
TUBB4B

TP53

TUBA1B

S100A6

- DNB genes

@ DNB-neighboring genes

Fig. 5 (Seelegend on previous page.)

e Directly engaged in the network
= = = = = |ndirectly engaged in the network



Huang et al. Journal of Translational Medicine (2023) 21:45

that malignant epithelial cells contribute to the dete-
riorating progression of pre-deteriorated epithelial cells
through the GDF signaling pathway.

We identified a subpopulation of pre-deteriorated epi-
thelial cells during the deterioration process using the
DNB method. Compared to conventional static methods
based on differential expression of molecular biomark-
ers to detect molecular alterations in cell subpopulations,
DNB provides advantages in identifying the deterioration
of epithelial cells in CRC [41]. Pre-deteriorated epithe-
lial cells represent a critical transition period in which
the expression patterns of DNB-neighboring genes are
flipped. DNB genes were enriched in the regulation of
NIK/NF-kappaB signaling. It has been shown that NF-xB
is a major regulator of gene expression in inflammatory-
associated malignancies [42], and suppression of this
pathway may be a potential therapy strategy for cancer
[43]. In addition, DNB-neighboring genes were enriched
in cancer and apoptosis pathways. Dysregulation of
apoptosis is correlated with uncontrolled cell prolifera-
tion and cancer progression [44]. And the dysregulation
of apoptosis is correlated with mitochondrial dysfunc-
tion [45]. The release of cytochrome c into the cytoplasm
and the opening of the mitochondrial transition pore can
activate the apoptotic process [46, 47]. DNB-neighboring
reverse genes in pre-deteriorated epithelial cells may pro-
vide clues for the intervention in deterioration. Further-
more, we discovered that the enrichment scores of the
Wnt and PI3K-Akt pathways were significantly elevated
after the critical period of deterioration. Aberrant Wnt
signaling and overexpression of PI3K-Akt signaling have
been reported in numerous malignancies, particularly
CRC [48, 49]. Moreover, we discovered that MYC sign-
aling pathways associated with cell proliferation were
significantly enriched in pre-deteriorated epithelial cells.
Sustaining proliferative signaling is considered as a hall-
mark of cancer [50]. Maintenance of cell proliferation
signals in pre-deteriorated epithelial cells may contribute
to their progression toward deterioration. In conclusion,
pre-deteriorated epithelial cell populations may be a new
cell subpopulation for cellular targeting in early interven-
tion studies in CRC. Prevention of epithelial cell deterio-
ration requires further investigation.

FOS/JUN interacted with P53 in the DNB gene inter-
action network. The expression of c-Jun has consist-
ently been shown to be involved in growth inhibition
and apoptosis induction by several anticancer drugs [51].
Previous research has shown that in prostate cancer cell
lines, a lack of FOS promotes cell proliferation and results
in changes to oncogenic pathways [52]. Additionally, pre-
vious studies have demonstrated that the AP-1 motif,
which binds to c-Fos/c-Jun, is required for efficient tran-
scription of the human P53 promoter [53, 54]. Moreover,
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downregulation of c-Fos and c-Jun expression leads to
reduced expression of endogenous P53 [53]. Further-
more, P53 is an important tumor suppressor gene that
induces apoptosis [55]. P53-induced apoptosis in epi-
thelial cells is a crucial mechanism for the prevention of
tumor progression. In our gene regulatory role analysis,
FOS and JUN induced low expression of P53-regulated
downstream pro-apoptotic genes and high expression of
anti-apoptotic genes through suppressing P53 expres-
sion, which in turn inhibited P53-induced apoptosis.
However, the transcriptional profile during epithelial cell
deterioration was aberrant. FOS/JUN, as the DNB gene,
drive P53 into the critical state of deterioration, which
may have an impact on the P53-induced apoptotic pro-
cess, suggesting that the disturbed apoptotic process in
epithelial cells prior to deterioration may not ensure their
normal proliferation. These studies of FOS/JUN mecha-
nisms, along with our DNB gene expression patterns,
indicated that FOS/JUN as a DNB gene has the potential
to be an intervention target for pre-deteriorated cells.

We found that the intercellular signaling network con-
tributes to epithelial cell deterioration. GDFI15, a ligand
of malignant epithelial cells, interacts with TGFBR2, the
receptor of pre-deteriorated epithelial cells. GDFIS is
a member of the TGF-$ superfamily [56] and has been
previously identified as a new potential biomarker for
cervical cancer [57]. In addition, GDFI5 overexpres-
sion accelerated the growth and progression of oral
squamous cell carcinoma [58], whereas GDFI15 knock-
down in malignant gliomas decreased cell proliferation
in vitro and carcinogenesis in vivo [59]. Furthermore,
GDFI5 promoted the progression of Esophageal Squa-
mous Cell Carcinoma through the activation of TGFBR2
[39]. Therefore, we speculated that malignant epithelial
cells promote pre-deteriorated epithelial cells toward
deterioration through GDF signaling. These results pro-
vide new insights into the mechanism of epithelial cell
deterioration.

We discovered that the citrate cycle (TCA cycle) and
glycolysis/gluconeogenesis were increased near the
end of the proposed chronotropic trajectory after being
downregulated early in the proposed chronotropic tra-
jectory. This result ties well with previous study on the
transcriptomic analysis of FAP patients [2]. In line with
the previous study [36], the expression of FOS and JUN
decreased significantly with epithelial cell deterioration.
In addition, the transcriptional activity of HNF4A was
upregulated after the critical period, this is consistent
with what has been found in previous study [60]. Fur-
thermore, the p53 signaling pathway was significantly
enriched in pre-deteriorated epithelial cells, which is
broadly in line with the result of another study [11].
Noteworthily, we clearly identified the subpopulation of
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pre-deteriorated epithelial cells at the single-cell level.
And FOS/JUN were found to be biomarkers for the pre-
deteriorated epithelial cell subpopulation in CRC.

However, this study has several limitations. The pre-
deteriorated epithelial cells selected for the critical period
included only 450 cells, but the cell number satisfied our
analysis criteria (n>6). Further confirmation of the sub-
population of pre-deteriorated epithelial cells using flow
cytometry is required. In addition, further knockdown
of FOS and JUN genes in cellular and animal models are
required to confirm the precise mechanism by which
FOS/JUN drive pre-deteriorated epithelial cells towards
deterioration. It would be better to develop biomarkers in
combination with more advanced nanomaterials, such as
carbon nanotubes and nanostructured lipid nanocarriers
[61-64].

Conclusions

In summary, we demonstrated the trajectory of epi-
thelial cell deterioration and used DNB to character-
ize pre-deteriorated epithelial cells from adenoma and
carcinoma tissues of CRC patients at the single-cell
level. FOS/JUN regulated the expression of downstream
apoptosis-related genes of the P53 pathway through
inhibiting the expression of P53, thereby contributing
to the suppression of P53-dependent apoptosis (Fig. 6).
Malignant epithelial cells contributed to the progression
of pre-deteriorated epithelial cells through GDF signal-
ing (Fig. 6). These findings provide new insights into the
mechanism of epithelial cell deterioration and toward
early intervention in CRC.

Abbreviations

CRC Colorectal cancer

DNB Dynamic network biomarker
scRNA-seq Single-cell RNA sequencing

SCLE Single-cell landscape entropy

SD Standard deviation

PCC Pearson’s correlation coefficient

GEO Gene expression omnibus

PPI Protein—protein interaction

DEG Differentially expressed gene

GO Gene ontology

KEGG Kyoto encyclopedia of genes and genomes

GSVA Gene set variation analysis

SCENIC Single-cell regulatory network inference and clustering

TF Transcription factor
UMAP Uniform manifold approximation and projection

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/512967-023-03890-5.

Additional file 1: Figure S1. Genes expression of epithelial cell
deterioration.

Additional file 2: Figure S2. Inference of copy number variation based
on scRNA data.

Additional file 3: Figure S3. The expression levels of DNB core genes in
different pseudotime of epithelial cell subpopulation.

Additional file 4: Figure S4. Enrichment analysis of DNB genes and DNB
neighboring genes.

Additional file 5: Figure S5. Co-expression network analysis.

Additional file 6: Figure S6. DNB genes drive the reversed expression of
DNB neighbors.

Additional file 7: Figure S7. Heatmap and dot plot of GDF, CEACAM and
GRN signaling pathway.

Additional file 8: Table S1. Signature genes for 6 clusters of all cells.

Additional file 9: Table S2. Signature genes for 7 clusters of epithelial
cells.



https://doi.org/10.1186/s12967-023-03890-5
https://doi.org/10.1186/s12967-023-03890-5

Huang et al. Journal of Translational Medicine (2023) 21:45

Additional file 10: Table S3. Signature genes for 6 clusters of cells on
pseudotime trajectory.

Acknowledgements
Not applicable.

Author contributions

XQH and JYZ performed the statistical analysis. XQH and CYH wrote the
manuscript. XQH, CYH, JYZ, JOH, YBJ, QQZ, WL, RL and FL reviewed and revised
the manuscript. All authors contributed to the article and approved it for
publication. All authors read and approved the final manuscript.

Funding

This work was funded by the National Natural Science Foundation of China
(Nos. 82103347, 62172164, 12026608, and 11971176), Guangdong Provin-

cial Key Laboratory of Human Digital Twin (No. 2022B1212010004) and the
Applied Basic Research Fund of Guangdong Province (No. 2019A1515110677).

Availability of data and materials

Publicly available data set was analyzed in this study. This data can be found
here: GSE161277: https://www.ncbi.nlm.nih.gov/geo/query/acc.cgitacc=
GSE161277.

Declarations

Ethics approval and consent to participate

The study was reviewed and approved by the local ethics committee of
West China Hospital, Sichuan University, and written informed consent was
collected.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details

!'Guangdong Key Laboratory of Fermentation and Enzyme Engineering,
School of Biology and Biological Engineering, South China University of Tech-
nology, Guangzhou 510006, China. School of Mathematics, South China
University of Technology, Guangzhou 510641, China. *Institute of Clinical
Research, The First People’s Hospital of Foshan, Foshan 528000, China. *Pazhou
Lab, Guangzhou 510330, China.

Received: 24 November 2022 Accepted: 17 January 2023
Published online: 25 January 2023

References

1. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram |, Jemal A, Bray
F. Global cancer statistics 2020: GLOBOCAN estimates of incidence and
mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin.
2021;71(3):209-49.

2. LiJ,Wang R, Zhou X, Wang W, Gao S, Mao Y, Wu X, Guo L, Liu H, Wen L,
Fu W, Tang F. Genomic and transcriptomic profiling of carcinogenesis in
patients with familial adenomatous polyposis. Gut. 2020;69(7):1283-93.

3. Chen B, Scurrah CR, McKinley ET, Simmons AJ, Ramirez-Solano MA,

Zhu X, Markham NO, Heiser CN, Vega PN, Rolong A, Kim H, Sheng Q,
Drewes JL, Zhou Y, Southard-Smith AN, Xu Y, Ro J, Jones AL, Revetta F,
Berry LD, Niitsu H, Islam M, Pelka K, Hofree M, Chen JH, Sarkizova S, Ng K,
Giannakis M, Boland GM, Aguirre AJ, Anderson AC, Rozenblatt-Rosen O,
Regev A, Hacohen N, Kawasaki K, Sato T, Goettel JA, Grady WM, Zheng W,
Washington MK, Cai Q, Sears CL, Goldenring JR, Franklin JL, SuT, Huh WJ,
Vandekar S, Roland JT, Liu Q, Coffey RJ, Shrubsole MJ, Lau KS. Differential
pre-malignant programs and microenvironment chart distinct paths to
malignancy in human colorectal polyps. Cell. 2021;184(26):6262-6280.
e26.

20.

Page 14 of 16

Joanito |, Wirapati P, Zhao N, Nawaz Z, Yeo G, Lee F, Eng CLP, Macalinao
DC, Kahraman M, Srinivasan H, Lakshmanan V, Verbandt S, Tsantoulis P,
Gunn N, Venkatesh PN, Poh ZW, Nahar R, Oh HLJ, Loo JM, Chia S, Cheow
LF, Cheruba E, Wong MT, Kua L, Chua C, Nguyen A, Golovan J, Gan A,

Lim WJ, Guo YA, Yap CK, Tay B, Hong Y, Chong DQ, Chok AY, Park WY, Han
S, Chang MH, Seow-En |, Fu C, Mathew R, Toh EL, Hong LZ, Skanderup

AJ, DasGupta R, Ong CJ, Lim KH, Tan EKW, Koo SL, Leow WQ, Tejpar S,
Prabhakar S, Tan IB. Single-cell and bulk transcriptome sequencing identi-
fies two epithelial tumor cell states and refines the consensus molecular
classification of colorectal cancer. Nat Genet. 2022;54(7):963-75.

Wang R, Mao'Y, Wang W, Zhou X, Wang W, Gao S, Li J, Wen L, Fu W, Tang F.
Systematic evaluation of colorectal cancer organoid system by single-cell
RNA-Seq analysis. Genome Biol. 2022;23(1):106.

Teng H,Wang'Y, Sui X, Fan J, Li S, Lei X, Shi C, Sun W, Song M, Wang H,
Dong D, Geng J, Zhang Y, Zhu X, Cai Y, Li Y, Li B, Min Q Wang W, Zhan Q.
Gut microbiota-mediated nucleotide synthesis attenuates the response
to neoadjuvant chemoradiotherapy in rectal cancer. Cancer Cell.
2022;51535-6108(22):00560-8.

Roerink SF, Sasaki N, Lee-Six H, Young MD, Alexandrov LB, Behjati S,
Mitchell TJ, Grossmann S, Lightfoot H, Egan DA, Pronk A, Smakman N, van
Gorp J, Anderson E, Gamble SJ, Alder C, van de Wetering M, Campbell PJ,
Stratton MR, Clevers H. Intra-tumour diversification in colorectal cancer at
the single-cell level. Nature. 2018;556(7702):457-62.

Zhang L, Yu X, Zheng L, Zhang Y, LiY, Fang Q, Gao R, Kang B, Zhang Q,
Huang JY, Konno H, Guo X, Ye Y, Gao S, Wang S, Hu X, Ren X, Shen Z,
Ouyang W, Zhang Z. Lineage tracking reveals dynamic relationships of T
cells in colorectal cancer. Nature. 2018;564(7735):268-72.

Zhang L, Li Z, Skrzypczynska KM, Fang Q, Zhang W, O'Brien SA, He Y,
Wang L, Zhang Q, Kim A, Gao R, Orf J, Wang T, Sawant D, Kang J, Bhatt D,
Lu D, Li CM, Rapaport AS, Perez K, Ye Y, Wang S, Hu X, Ren X, Ouyang W,
Shen Z,Egen JG, Zhang Z, Yu X. Single-cell analyses inform mechanisms
of myeloid-targeted therapies in colon cancer. Cell. 2020;181(2):442-459.
e29.

. Schmitt M, Greten FR. The inflammatory pathogenesis of colorectal

cancer. Nat Rev Immunol. 2021;21(10):653-67.

. Zheng X, Song J,Yu C, Zhou Z, Liu X, Yu J, Xu G, Yang J, He X, Bai X, Luo

Y,Bao Y, Li H,Yang L, Xu M, Song N, Su X, Xu J, Ma X, Shi H. Single-cell
transcriptomic profiling unravels the adenoma-initiation role of protein
tyrosine kinases during colorectal tumorigenesis. Signal Transduct Target
Ther. 2022;7(1):60.

. Chen L, LiuR, Liu ZP, Li M, Aihara K. Detecting early-warning signals

for sudden deterioration of complex diseases by dynamical network
biomarkers. Sci Rep. 2012,2:18-20.

. Liu R, et al. Identifying critical transitions and their leading biomolecular

networks in complex diseases. Sci Rep. 2012. https://doi.org/10.1038/
srep00813.

. Han C, Zhong J, Zhang Q, Hu J, Liu R, Liu H, Mo Z, Chen P, Ling F. Develop-

ment of a dynamic network biomarkers method and its application for
detecting the tipping point of prior disease development. Comput Struct
Biotechnol J. 2022,24(20):1189-97.

. HuJ,Han C, Zhong J, Liu H, Liu R, Luo W, Chen P, Ling F. Dynamic network

biomarker of pre-exhausted CD8+- t cells contributed to t cell exhaustion
in colorectal cancer. Front Immunol. 2021;9(12): 691142.

LiuH, Zhong J,Hu J, Han C, Li R, Yao X, Liu S, Chen P, Liu R, Ling F. Single-
cell transcriptomics reveal DHX9 in mature B cell as a dynamic network
biomarker before lymph node metastasis in CRC. Mol Ther Oncolytics.
2021;12(22):495-506.

Yang B, Li M, Tang W, Liu W, Zhang S, Chen L, Xia J. Dynamic network
biomarker indicates pulmonary metastasis at the tipping point of hepa-
tocellular carcinoma. Nat Commun. 2018;9(1):678.

Richard A, Boullu L, Herbach U, Bonnafoux A, Morin V, Vallin E, Guillemin
A, Papili Gao N, Gunawan R, Cosette J, Arnaud O, Kupiec JJ, Espinasse

T, Gonin-Giraud S, Gandrillon O. Single-cell-based analysis highlights a
surge in cell-to-cell molecular variability preceding irreversible commit-
ment in a differentiation process. PLoS Biol. 2016;14(12): e1002585.

Qiu X, Mao Q Tang Y, Wang L, Chawla R, Pliner HA, Trapnell C. Reversed
graph embedding resolves complex single-cell trajectories. Nat Methods.
2017;14(10):979-82.

Hao Y, Hao S, Andersen-Nissen E, Mauck WM 3rd, Zheng S, Butler A,

Lee MJ, Wilk AJ, Darby C, Zager M, Hoffman P, Stoeckius M, Papalexi E,
Mimitou EP, Jain J, Srivastava A, Stuart T, Fleming LM, Yeung B, Rogers AJ,


https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE161277
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE161277
https://doi.org/10.1038/srep00813
https://doi.org/10.1038/srep00813

Huang et al. Journal of Translational Medicine

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33

34

35.

36.

37.
38.

39.

40.

41.

42.

(2023) 21:45

McElrath JM, Blish CA, Gottardo R, Smibert P, Satija R. Integrated analysis
of multimodal single-cell data. Cell. 2021;184(13):3573-3587.e29.
Korsunsky I, Millard N, Fan J, Slowikowski K, Zhang F, Wei K, Baglaenko Y,
Brenner M, Loh PR, Raychaudhuri S. Fast, sensitive and accurate integra-
tion of single-cell data with Harmony. Nat Methods. 2019;16(12):1289-96.
Wu T, HuE, XuS, Chen M, Guo P, Dai Z, Feng T, Zhou L, Tang W, Zhan L,

Fu X, Liu S, Bo X, Yu G. clusterProfiler 4.0: a universal enrichment tool for
interpreting omics data. Innovation. 2021;2(3):100141.

Hénzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for
microarray and RNA-seq data. BMC Bioinformatics. 2013;16(14):7.
Szklarczyk D, Gable AL, Lyon D, Junge A, Wyder S, Huerta-Cepas J, Simon-
ovic M, Doncheva NT, Morris JH, Bork P, Jensen LJ, Mering CV. STRING v11:
protein-protein association networks with increased coverage, support-
ing functional discovery in genome-wide experimental datasets. Nucleic
Acids Res. 2019;47(D1):D607-13.

Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, Amin

N, Schwikowski B, Ideker T. Cytoscape: a software environment for
integrated models of biomolecular interaction networks. Genome Res.
2003;13(11):2498-504.

Jin'S, Guerrero-Juarez CF, Zhang L, Chang |, Ramos R, Kuan CH, Myung P,
Plikus MV, Nie Q. Inference and analysis of cell-cell communication using
Cell Chat. Nat Commun. 2021;12(1):1088.

Aibar S, Gonzélez-Blas CB, Moerman T, Huynh-Thu VA, Imrichova H,
Hulselmans G, Rambow F, Marine JC, Geurts P, Aerts J, van den Oord J,
Atak ZK, Wouters J, Aerts S. SCENIC: single-cell regulatory network infer-
ence and clustering. Nat Methods. 2017;14(11):1083-6.

Dienstmann R, Vermeulen L, Guinney J, Kopetz S, Tejpar S, Tabernero J.
Consensus molecular subtypes and the evolution of precision medicine
in colorectal cancer. Nat Rev Cancer. 2017;17(2):79-92.

Emma M, lovanna J, Bachvarov D, et al. NUPR1, a new target in liver
cancer: implication in controlling cell growth, migration, invasion and
sorafenib resistance. Cell Death Dis. 2016;7: €2269.

Liberti MV, Locasale JW. The Warburg effect: how does it benefit cancer
cells? Trends Biochem Sci. 2016;41:211-8.

Minko T, Kopeckové P, Kopecek J. Efficacy of the chemotherapeutic
action of HPMA copolymer-bound doxorubicin in a solid tumor model of
ovarian carcinoma. Int J Cancer. 2000;86(1):108-17.

Shaulian E, Karin M. AP-1 in cell proliferation and survival. Oncogene.
2001;20(19):2390-400.

Stine ZE, Walton ZE, Altman BJ, Hsieh AL, Dang CV. MYC, metabolism, and
cancer. Cancer Discov. 2015;5(10):1024-39.

LiQ Wang M, HuY, Zhao E, Li J, Ren L, Wang M, Xu Y, Liang Q, Zhang D, Lai
Y, Liu S, Peng X, Zhu C, Ye L. MYBL2 disrupts the Hippo-YAP pathway and
confers castration resistance and metastatic potential in prostate cancer.
Theranostics. 2021;11(12):5794-812.

Jin G, Jin Z, Chen NZ, Lu M, Liu CB, Hu WL, Zheng CG. Activation of
IRE1a-XBP1 pathway induces cell proliferation and invasion in colorectal
carcinoma. Biochem Biophys Res Commun. 2016;470(1):75-81.

Sugio K, Kurata S, Sasaki M, Soejima J, Sasazuki T. Differential expression of
c-myc gene and c-fos gene in premalignant and malignant tissues from
patients with familial polyposis coli. Cancer Res. 1988;48(17):4855-61.
Vogt PK. Fortuitous convergences: the beginnings of JUN. Nat Rev Can-
cer. 2002;2(6):465-9.

Milde-Langosch K. The Fos family of transcription factors and their role in
tumourigenesis. Eur J Cancer. 2005;41(16):2449-61.

Okamoto M, Koma YI, Kodama T, Nishio M, Shigeoka M, Yokozaki H.
Growth differentiation factor 15 promotes progression of esophageal
squamous cell carcinoma via TGF- type Il receptor activation. Pathobiol-
0gy. 2020;87(2):100-13.

Myojin'Y, Hikita H, Sugiyama M, Sasaki Y, Fukumoto K, Sakane S, Makino Y,
Takemura N, Yamada R, Shigekawa M, Kodama T, Sakamori R, Kobayashi
S, Tatsumi T, Suemizu H, Eguchi H, Kokudo N, Mizokami M, Takehara

T. Hepatic stellate cells in hepatocellular carcinoma promote tumor
growth via growth differentiation factor 15 production. Gastroenterology.
2021;160(5):1741-1754.e16.

Chen P, Liu R, Chen L, Aihara K. Identifying critical differentiation state of
MCF-7 cells for breast cancer by dynamical network biomarkers. Front
Genet. 2015;28(6):252.

Naugler WE, Karin M. NF-kappaB and cancer-identifying targets and
mechanisms. Curr Opin Genet Dev. 2008;18(1):19-26.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

58.

59.

60.

61.

62.

Page 150f 16

Ahmadian E, Khosroushahi AY, Eftekhari A, Farajnia S, Babaei H, Eghbal
MA. Novel angiotensin receptor blocker, azilsartan induces oxidative
stress and NFkB-mediated apoptosis in hepatocellular carcinoma cell line
HepG2. Biomed Pharmacother. 2018;99:939-46.

Pistritto G, Trisciuoglio D, Ceci C, Garufi A, D'Orazi G. Apoptosis as antican-
cer mechanism: function and dysfunction of its modulators and targeted
therapeutic strategies. Aging. 2016;8(4):603-19.

Li N, Zhan X. Mitochondrial dysfunction pathway networks and mito-
chondrial dynamics in the pathogenesis of pituitary adenomas. Front
Endocrinol. 2019;9(10):690.

Ahmadian E, Khosroushahi AY, Eghbal MA, Eftekhari A. Betanin reduces
organophosphate induced cytotoxicity in primary hepatocyte via an
anti-oxidative and mitochondrial dependent pathway. Pestic Biochem
Physiol. 2018;144:71-8.

Ahmadian E, Babaei H, Mohajjel Nayebi A, Eftekhari A, Eghbal MA.
Venlafaxine-induced cytotoxicity towards isolated rat hepatocytes
involves oxidative stress and mitochondrial/lysosomal dysfunction. Adv
Pharm Bull. 2016;6(4):521-30.

Caspi M, Wittenstein A, Kazelnik M, Shor-Nareznoy Y, Rosin-Arbesfeld R.
Therapeutic targeting of the oncogenic Wnt signaling pathway for treat-
ing colorectal cancer and other colonic disorders. Adv Drug Deliv Rev.
2021;169:118-36.

Narayanankutty A. PI3K/ Akt/ mTOR pathway as a therapeutic target for
colorectal cancer: a review of preclinical and clinical evidence. Curr Drug
Targets. 2019;20(12):1217-26.

Hanahan D. Hallmarks of cancer: new dimensions. Cancer Discov.
2022;12(1):31-46.

Li XH, Li XK, Cai SH, Tang FX, Zhong XY, Ren XD. Synergistic effects of
nimesulide and 5-fluorouracil on tumor growth and apoptosis in the
implanted hepatoma in mice. World J Gastroenterol. 2003;9(5):936-40.
Riedel M, Berthelsen MF, Cai H, Haldrup J, Borre M, Paludan SR, Hager H,
Vendelbo MH, Wagner EF, Bakiri L, Thomsen MK. In vivo CRISPR inactiva-
tion of Fos promotes prostate cancer progression by altering the associ-
ated AP-1 subunit Jun. Oncogene. 2021;40(13):2437-47.

Lambert SA, Jolma A, Campitelli LF, Das PK, Yin Y, Albu M, Chen X,
Taipale J, Hughes TR, Weirauch MT. The human transcription factors. Cell.
2018;172(4):650-65.

Kirch HC, Flaswinkel S, Rumpf H, Brockmann D, Esche H. Expression

of human p53 requires synergistic activation of transcription from

the p53 promoter by AP-1 NF-kappaB and Myc/Max. Oncogene.
1999;18(17):2728-38.

Yoon KW, Byun S, Kwon E, Hwang SY, Chu K, Hiraki M, Jo SH, Weins A,
Hakroush S, Cebulla A, Sykes DB, Greka A, Mundel P, Fisher DE, Mandinova
A, Lee SW. Control of signaling-mediated clearance of apoptotic cells by
the tumor suppressor p53. Science. 2015;349(6247):1261669.

Rochette L, Zeller M, Cottin Y, Vergely C. Insights Into Mechanisms of
GDF15 and Receptor GFRAL: Therapeutic Targets. Trends Endocrinol
Metab. 2020;31(12):939-51.

. Wan F, Miao X, Quraishi |, Kennedy V, Creek KE, Pirisi L. Gene expression

changes during HPV-mediated carcinogenesis: a comparison between
an in vitro cell model and cervical cancer. Int J Cancer. 2008;123(1):32-40.
Yang CZ, Ma J, Zhu DW, Liu Y, Montgomery B, Wang LZ, Li J, Zhang ZY,
Zhang CP, Zhong LP. GDF15 is a potential predictive biomarker for TPF
induction chemotherapy and promotes tumorigenesis and progression
in oral squamous cell carcinoma. Ann Oncol. 2014;25(6):1215-22.
Brugge J, Hung MC, Mills GB. A new mutational AKTivation in the PI3K
pathway. Cancer Cell. 2007;12(2):104-7.

Becker WR, Nevins SA, Chen DC, Chiu R, Horning AM, Guha TK, Laquin-
danum R, Mills M, Chaib H, Ladabaum U, Longacre T, Shen J, Esplin

ED, Kundaje A, Ford JM, Curtis C, Snyder MP, Greenleaf WJ. Single-cell
analyses define a continuum of cell state and composition changes in
the malignant transformation of polyps to colorectal cancer. Nat Genet.
2022;54(7):985-95.

Ahmadian E, Janas D, Eftekhari A, Zare N. Application of carbon nano-
tubes in sensing/monitoring of pancreas and liver cancer. Chemosphere.
2022;302: 134826.

Eftekhari A, Ahmadian E, Salatin S, Sharifi S, Dizaj SM, Khalilov R, Hasan-
zadeh M. Current analytical approaches in diagnosis of melanoma. TRAC
Trends Anal Chem. 2019;116:122-35.



Huang et al. Journal of Translational Medicine

63.

64.

(2023) 21:45

Ahmadian E, Eftekhari A, Kavetskyy T, Khosroushahi AY, Turksoy VA,
Khalilov R. Effects of quercetin loaded nanostructured lipid carriers on
the paraquat-induced toxicity in human lymphocytes. Pestic Biochem
Physiol. 2020;167: 104586.

Eftekhari A, Dizaj SM, Chodari L, Sunar S, Hasanzadeh A, Ahmadian E,
Hasanzadeh M. The promising future of nano-antioxidant therapy against
environmental pollutants induced-toxicities. Biomed Pharmacother.
2018;103:1018-27.

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

Page 16 of 16

Ready to submit your research? Choose BMC and benefit from:

e fast, convenient online submission

o thorough peer review by experienced researchers in your field

e rapid publication on acceptance

e support for research data, including large and complex data types

e gold Open Access which fosters wider collaboration and increased citations

e maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Low expression of the dynamic network markers FOSJUN in pre-deteriorated epithelial cells is associated with the progression of colorectal adenoma to carcinoma
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Background
	Methods
	Theoretical basis
	Algorithm for identifying the signal of critical transition based on single-cell landscape entropy (SCLE)
	Data processing
	Copy number variants (CNV) analysis
	Trajectory analysis
	DEG identification and functional enrichment analysis
	Protein–protein interaction network analysis
	Cell–cell interaction and single-cell regulatory network inference and clustering (SCENIC) analyses
	Statistical analysis

	Results
	Identification of epithelial cell subtypes and their deterioration trajectory
	Identification of pre-deteriorated epithelial cell subpopulation in colorectal tumorigenesis
	Low expression of P53 triggered by FOSJUN suppressed P53-induced apoptosis in pre-deteriorated epithelial cells, contributing to epithelial cell deterioration
	Malignant epithelial cells contributed to the progression of pre-deteriorated epithelial cells toward deterioration through the GDF signaling pathway

	Discussion
	Conclusions
	Acknowledgements
	References


