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Single-cell RNA-seq reveals invasive trajectory and determines cancer stem 
cell-related prognostic genes in pancreatic cancer
Xuechen Ren, Chengliang Zhou, Yu Lu, Fulin Ma, Yong Fan, and Chen Wang

Lanzhou University Second Hospital, Lanzhou, GS, China

ABSTRACT
Pancreatic duct adenocarcinoma (PDAC) is an aggressive and lethal malignancy. Pancreatic cancer stem 
cells (PCSCs) are assumed to contribute to the initiation and invasion of PDAC. In this study, we 
performed single-cell RNA sequencing (scRNA-seq) analysis of PDAC tumor samples from patients and 
control pancreas tissues to reveal the transformation process of cancer stem cell (CSC)-like ductal cells 
into ductal cells with invasive potential and we screened out CSC-related genes (CRGs). Subsequently, we 
applied LASSO and Cox regression models to identify five CRGs with potential prognostic values and 
constructed a risk prognostic model using the Cancer Genome Atlas datasets. The risk models were 
verified using Gene Expression Omnibus datasets. Patients in the high-risk group had a significantly poor 
overall survival (Pvalue<0.0001), as illustrated by the Kaplan-Meier survival curve, and the area under the 
curve confirmed the accuracy of predictions by our risk model. Tumor mutation burden variations were 
used to further explore the differences between the two risk cohorts. In addition, the Human Protein 
Atlas was used to investigate the protein expression of five hub CRGs. In brief, we utilized scRNA-seq to 
reveal the invasive trajectory of ductal cells and identified crucial CRGs in PDAC, which may help predict 
patient survival and provide potential clinical therapeutic targets against CSCs.
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1. Introduction

Pancreatic cancer (PC) is highly malignant and 
has a poor prognosis. Approximately 90% of PC 
cases are pancreatic ductal adenocarcinoma 
(PDAC) [1]. As one of the seven most lethal 
tumors in the world, the five-year survival rate 
of PDAC is less than 5%. With the development 

of modern medical technology, the treatment of 
many tumors has made considerable advances. 
Unfortunately, the efficacy of PC therapeutic 
intervention, from prevention, diagnosis, treat
ment, and prognosis, remains poor, and as 
society’s diet has changed, the incidence of this 
disease is increasing [2].
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Cancer stem cells (CSCs) are primitive, undif
ferentiated cells with characteristics similar to 
normal stem cells [3]. Although the proportion 
of CSCs in solid tumors is extremely low (only 
1–3% in PDAC), their ability for self-renewal, 
immune escape, and the production of hetero
geneous tumor cells contributes to the occur
rence, metastasis, and drug resistance of PDAC 
[4,5]. CD44 is a CSC biomarker that indicates 
a poor prognosis in PC patients. Its high expres
sion in PDAC enhances the ability of tumor cells 
to self-renew and differentiate into different pro
geny cancer cell types [6,7]. Furthermore, the 
pancreatic CSC population with CD133 expres
sion has been found to exhibit higher tumori
genicity, metastatic phenotype, and 
chemotherapeutic drug resistance than CD133− 

cells [8]. Although a portion of potential CSC- 
targeting drugs have entered pre-clinical trials, 
pancreatic cancer stem cells (PCSCs) are not 
sensitive to chemotherapy drugs, which remains 
a challenge [9]. Hence, there is an urgent need 
to investigate the underlying molecular targets 
and prognostic biomarkers to improve patient 
survival.

Single-cell RNA sequencing (ScRNA-seq) was 
used to explore cell heterogeneity and identify 
rare cells in heterogeneous cell populations. In 
contrast to traditional bulk RNA-seq, scRNA-seq 
will help people understand the changes in cellu
lar genes, transcription, or epigenetic modifica
tions during disease progression [10]. Currently, 
scRNA-seq has been widely used in various types 
of disease research, including in breast cancer and 
pancreatic cancer [11,12]. Here, we utilized 
scRNA-seq to delineate the heterogeneity and 
invasive trajectory of ductal cells. Through the 
integration of multiple database analysis, we con
structed and validated a robust molecular signa
ture of CSC-related genes (CRGs) for 
determining the survival prognosis of PC 
patients. In addition, the differential landscape 
of somatic tumor mutation burden (TMB) 
between the two risk cohorts may provide 
a potential target for individualized therapy. In 
this study, we aimed to reveal the invasion tra
jectory of ductal cells during PDAC progression 
and identify a reliable CRG prognostic signature 
and a potential therapeutic target for PC.

2. Materials and methods

2.1 ScRNA-seq data analysis

2.1.1 ScRNA-seq data preparation
In this study, 24 patients diagnosed with PDAC 
and 11 patients with malignant tumors other than 
PDAC were selected for single-cell analysis 
(https://bigd.big.ac.cn/bioproject/browse/  
PRJCA001063) [12]. FASTQ data were quantified 
and compared to the human reference genome 
(hg38) using the CellRanger (3.1) algorithm to 
obtain the original sequencing data matrix [13].

2.1.2 ScRNA-seq data processing
For nFeature_RNA < 200, mitochondrial sequen
cing count > 15% and ribosome sequencing count 
> 50% of the cells were excluded, and then 
‘Doubletfinder’ package [14] was applied to filter 
out transitional cells or double cells; the para
meters were set as the default parameters. 
Normalization and sequencing batch effects were 
removed by ‘Seurat’ package and ‘harmony’ pack
age, respectively [15]. Next, we used 
‘FindVariableFeatures’ to calculate highly variable 
genes, and used the resulting output for principal 
component analysis (PCA). The top 10 principal 
components (PCs) were selected for subsequent 
uniform manifold approximation and projection 
for dimension reduction analysis [16]. We deter
mined cell types based on reported biomarkers, 
and re-clustering of ductal cells was performed 
using the same approach.

The organizational contribution rate measured 
the origin of tissue cells in different ductal cell 
types. The ratio of cells from normal or tumor 
tissues to total cells in each subgroup was used to 
determine the organization expectation matrix of 
subgroups.

2.1.3 Chromosomal copy number alterations and 
pseudo-time trajectories analysis
In this study, we used the ‘InferCNV’ package [17] 
to explore the chromosomal copy number altera
tions (CNA) of single cell RNA-seq data. Cells 
from normal tissue were used as a reference. The 
total number of CNA cells was calculated accord
ing to the scRNA-seq of each cell. The threshold 
for average gene expression was set to 0.1. Single- 
cell pseudo-time analysis was established by 
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Monocle 2 [18]. Based on PCA loading, we 
selected a set of ordering genes that were 
expressed in at least 15% of all cells. ‘DDRTree’ 
was applied to reduce the dimensionality of high- 
dimensional data, which helps determine the tra
jectory of ductal cells. ‘DifferentialGeneTest’ 
described differentially expressed gene variations 
over pseudo-time during ductal cell 
transformation.

2.2 Bulk RNA-seq data and clinical data 
preparation

We obtained the transcriptional profiles and clinico
pathological information of 177 PDAC patients from 
the Cancer Genome Atlas (TCGA) database (https:// 
portal.gdc.cancer.gov/)(Supplementary Table 1). In 
addition, we screened GSE62452 and GSE79688 as 
independent external validation datasets using the 
Gene Expression Omnibus (GEO) database 
(https://www.ncbi.nlm.nih.gov/geo/). Samples with 
vague or absent information on the clinical outcome 
were excluded.(Supplementary Table 2)

2.3 Identification of the key prognostic genes 
and establishment and evaluation of models

First, we applied a univariate Cox regression model to 
screen molecules from 202 CRGs, which were signifi
cantly related to the overall survival (OS) of PDAC. 
Statistical significance was set at Pvalue < 0.05. 
Thereafter, LASSO regression [19] analysis was per
formed on these genes, and only the genes with non- 
zero coefficients in LASSO regression analysis were 
selected for further multivariate Cox regression ana
lysis. Finally, we determined five CSC-related prog
nostic signatures and constructed a risk-predictive 
model. The risk score formula was as follows: risk 
score = ExpressionmRNA1 × CoefficientmRNA1 
+ ExpressionmRNA2 × CoefficientmRNA2 + ··· 
ExpressionmRNAn × CoefficientmRNAn [20].

Based on the median risk score, we classified 
patients into high- or low-risk groups. The super
iority of our risk model was evaluated using 
Kaplan-Meier analysis and the area under the 
curve (AUC) value of the ROC curve.

2.4 Analysis of somatic TMB in two cohorts

We obtained mutation information of PC patients 
from TCGA database, including base deletions, inser
tions, and substitutions. Next, we divided the patients 
into either high- or low-risk cohorts based on their 
risk scores to analyze their somatic mutation charac
teristics. The ‘Maftools’ package [21] illustrated the 
respective mutation profiling and Fisher’s exact test 
detected different mutant genes in the two cohorts; 
Pvalue <0.05 was defined as the threshold. Moreover, 
the co-occurrence and mutual exclusion analysis of 
gene mutations were performed on each cohort 
through discrete independence statistical controlling 
for observations with varying event rate (DISCOVER) 
exact test. Of course, we also analyzed the survival 
significance of KRAS mutations in the different risk 
groups.

2.5 Statistical analysis

Statistical analyses were performed using RStudio 
and IBM SPSS Statistics 26. ‘edgeR’ package [22] 
was used for differential expression analysis, with | 
log2FC| > 1 and Pvalue < 0.05 as screening criteria. 
The ‘glmnet’ package [19] was used to conduct the 
Lasso COX regression modeling. The ‘survminer’ 
and ‘timeROC’ packages were applied to survival 
analysis and model evaluation, respectively.

3. Results

3.1. ScRNA-seq revealed the heterogeneity of 
ductal cells

High intratumoral heterogeneity leads to malignant 
progression and the tolerance of tumor cells in PDAC 
to treatment [12]. We applied scRNA-seq to analyze 
the transcription profiles of single cells from 24 PDAC 
tumor samples from patients and 11 control pancreas 
tissue samples. After a strict quality control, 
458,664,164 transcripts of 121,883 cells were obtained. 
Next, by removing the sequencing batch effect and 
applying PCA to the specific high expression genes of 
each subgroup, we identified nine main clusters: 
endocrine, acinar, endothelial, ductal, myeloid, fibro
blast, pericyte, T, and B cells (Figure 1(a)).
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To further describe the heterogeneity of ductal 
cells, 33,553 ductal cells from tumors and con
trol pancreas tissues were selected for re- 
clustering. The results showed that all ductal 
cells were divided into six subcellular groups 
(Figure 1(b)). The organizational contribution 
ratio indicated that clusters 1 and 6 had a very 
low proportion of cells derived from tumor tis
sue, whereas clusters 3, 4, and 5 were signifi
cantly enriched in tumor tissue. Compared with 
the other clusters, cluster 2 possessed normal 
tissue specificity, but a number of cells were 
derived from tumor tissue (Figure 1(c)).

3.2. The status of different ductal cell types

Changes in chromosome structure and number 
often accompany the development of tumors 
[23]. To define the malignant status of ductal 

cells, we calculated large-scale chromosomal copy 
number variation (CNV) in each cell type based 
on averaged expression patterns across intervals of 
the genome [12]. The results demonstrated that 
the cells in control samples had almost no changes 
in CNV. In contrast, cells in clusters 3, 4, and 5 
were most enriched in tumor tissue, which exhib
ited remarkably high CNV levels. Surprisingly, 
cells from tumor tissues in cluster 2 also showed 
CNV of three chromosomes, in which the loss of 
7q chromosome was significantly enriched in clus
ter 2, and has been previously reported to be 
associated with the early stage of PDAC tumor 
formation (Figure 2(a)) [24].

Different transcription patterns among cell clus
ters suggest different cellular behaviors. Based on 
the expression and functional enrichment of spe
cific genes in each subgroup (Figure 2(b-c)), we 
found that cluster 1 primarily expressed acinar 

Figure 1. ScRNA-seq analysis reveals a variety of cell types in PDAC and control pancreas.
(a) UMAP displayed the main cell types (left). Representative markers across the major cell types are displayed in the bubble diagram (right). 
(b) UMAP displayed the diverse ductal cell types in PDAC and control pancreas. 
(c) Organizational contribution rate measured the difference between the ductal cell types. 
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epithelial-related genes, such as PRSS1 and CLPS 
[25]. Heat shock protein-related genes in cluster 6 
are involved in protein transport and folding of 
ductal cells [26]. Clusters 3, 4, and 5 primarily 
expressed genes related to the proliferation and 
invasion potential of cells. For example, NEAT1 
is associated with unlimited tumor proliferation 
and escape growth inhibition [27]. CEACAM6, as 
a novel tumor marker of PDAC, has been reported 
to be related to tumor proliferation and metastasis 
[28], and S100p has also been shown to play an 
important role in lymph node metastasis and the 
distant metastasis of pancreatic cancer cells [29]. 
Compared with others, cluster 2 showed relatively 
higher expression of CSC-related genes and was 
involved in regulating stem cell proliferation. The 

CCl2-CCR2 axis has been reported in pancreatic 
cancer to direct the chemotactic movement of 
endothelial cells and to recruit tumor-related 
macrophages to secrete VEGF and TGFβ, promot
ing tumor formation and angiogenesis [30].

3.3. Trajectory analysis of ductal cells

Cluster 2 showed CSC-like signatures, whereas 
clusters 3, 4, and 5 were related to malignant 
proliferation and distant invasion of cells. We 
speculated that scRNA-seq may capture the main 
transformation processes of CSC-like ductal cells 
during tumor progression. We then applied 
Monocle 2 to conduct a pseudo-time analysis of 
ductal cells to further verify our hypothesis. The 

Figure 2. ScRNA-seq analysis reveals the status and invasive trajectory of ductal cells.
(a) Heatmap displaying large-scale copy number variations (CNVs) of ductal cells in PDAC and control pancreases. The normalized 
CNV levels are shown: red represents a high CNV level and blue represents a low CNV level. 
(b) Heatmap displaying the expression of specific markers in the different ductal cell types. 
(c) Functional enrichment analysis of genes specifically expressed in each ductal cell types. 
(d) Monocle 2 reveals the trajectory of ductal cells in PDAC and control pancreases. Each point corresponds to a single cell. 
(e) The differentially expressed genes (rows) along the pseudo-time (columns) are clustered hierarchically into three profiles. The 
color key from blue to red indicates relative expression levels from low to high, respectively. 
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single-cell trajectory analysis results showed that 
pancreatic duct cells originated from clusters 1 and 
6, transitioned to cluster 2, and finally evolved into 
clusters 3, 4, and 5 (Figure 2(d)). The gene expres
sion profile during the process of evolution also 
demonstrated that during the transition, stem cell- 
related genes, including OLFM4 and leukocyte 
antigen (HLA-A, HLA-B, HLA-DRA), were 
increased, and MMP-7 could promote mitosis 
and apoptosis by degrading IGFBP-3 in tumors 
[31]. Notably, genes involved in cell proliferation 
and metastasis increased at the late stage of cell 
trajectory, such as CEACAM6 and NEAT1 
(Figure 2(e)). Based on the above results, our find
ings can partially reflect the transformation of 
CSC-like ductal cells to invasive ductal cells during 
PDAC progression.

3.4. Identification of cancer stem cell-related 
genes

We compared the differentially expressed genes 
(DEGs) between cells of cluster 2 derived from 
tumor and normal tissues to explore the changes 
in the transcriptome levels. The volcano plot dis
played upregulated and downregulated DEGs 
(Pvalue < 0.05, |log2FC| > 1). The enrichment 
analysis of the upregulated DEGs in tumors was 
found to be significantly involved in the Kras 
signaling pathway and epithelial mesenchymal 
transition (Supplementary Figure 1), which further 
suggests that these genes partially exhibit CSC-like 
characteristics [8,32–34].

Next, based on the GeneCards database (https:// 
www.genecards.org/), we identified 202 CRGs, 
including 140 upregulated CRGs and 62 downre
gulated CRGs (Table 1).

3.5. Establishment and evaluation of the 
CSC-related prognostic signature in PDAC

We integrated the expression profiles of the 202 
CRGs with their corresponding survival informa
tion in TCGA PDAC datasets to explore the 
potential clinical prognostic value of these genes. 
Correspondingly, COX regression and the least 
absolute shrinkage and selection operator 
(LASSO) regression models were performed to 
identify five CSC-related prognostic signatures 
(Supplementary Table 3 and Supplementary 
Figure 2(a)). Next, a risk predictive model in the 
training cohort was constructed. The forest plot 
displayed the relationship between these key genes 
and patient survival (Supplementary Figure 2(b)). 
The risk score from the training cohort was calcu
lated as follows: risk score = 0.109 * expression of 
CXCL10 + 0.496 * expression of GMNN + 0.115 * 
expression of LY6D + 0.359 * expression of MET+ 
−0.117 * expression of RIC3. According to the 
expression level of the target gene of each patient, 
we calculated the corresponding signature score 
and the median value of the risk score, and divided 
the patients into high- and low-risk groups.

In the training cohort, the Kaplan-Meier curve 
showed that the patients in the high-risk group 
had significantly worse survival rates compared 
to those in the low-risk group (hazard ratio 
[HR] = 2.37, 95% confidence interval 
[CI] = 1.55–3.62, P < 0.0001) (Figure 3(a)). This 
was consistently confirmed in two independent 
external validation sets (Figure 3(b-c)).

Time-dependent ROC analyses were performed 
at different time points to evaluate the prognostic 
accuracy of our risk model. The results showed 
that the AUC for 3, 4, and 5 years was 0.73, 0.74, 
and 0.71 in the training set, and the values for the 

Table 1. Screening of CRGs.
Upregulated CRGs
ADAM9,AHR,AKR1C3,ALDOA,ANG,ANPEP,ANXA1,APOA1,AREG,B2M,BIRC5,CA9,CCL20,CCNB1,CD151,CD55,CD68,CD82,CD99,CDCA7,CDCP1,CDH17, 

CDKN2A,CEACAM1,CEACAM5,CEACAM6,CEACAM7,CLDN4,COL1A1,CP,CTSB,CTSD,CTTN,CXCL10,CYP3A4,DKK1,DMBT1,EIF4EBP1,ERBB3,EZR,F3, 
GALNT12,GAPDH,GRN,GSN,HK2,HLA-B,HLA-DQB1,HLA-DRB1,HLA-E,HMGA1,HNF4A,HPGD,ID1,IFI27,IGFBP2,IGFBP3,IL18,IL1RN,IL2RG,ITGA2,ITGA3, 
ITGA6,ITGB4,JUP,KCNN4,KLF4,KLF5,KRAS,KRT13,KRT17,KRT19,KRT20,KRT7,LAMA3,LAMB3,LAMC2,LCN2,LDHA,LDLR,LGALS1,LGALS3,LY6D, MACC1, 
MAGEA4,MDK,MECOM,MET,MKI67,MMP1,MSLN,MST1R,MUC1,MUC4,MUC5AC,MVP,MXRA5,NDRG1,NEAT1,NQO1,NTS,PKM,PLAT,PLAUR,PLEC, 
PMAIP1,PPARG,PSCA,PSMB9,PTGS2,PTTG1,RAC1,RHOC,RRAS,S100A2,S100A4,S100A6,S100A8,S100A9,SAMD9,SDC1,SERPINA1,SERPINB5,SFN, 
SH3KBP1,SLC16A1,SLC22A18,SLC2A1,SPINK1,ST14,TFF1,TFRC,TGM2,TIMP1,TKT,TMPRSS2,TOP2A,TPM3,TXN,TYMP

Downregulated CRGs.
ALB,APP,BCAM,CADM1,CCL2,CCND1,CD81,CFTR,CLU,COL18A1,CRP,CXCL1,DAB2,DLC1,DLK1,DUSP1,EGR1,EPHX1,FGFR2,FGFR3,GLUL,GMNN,HBA2, 

HBB,HES1,HNF1B,HSP90AA1,HSPA1A,HSPA8,HSPD1,ID2,IDH2,IGFBP7,IL1R1,INS,JUN,MCAM,MEG3,MEIS1,NFIB,NFKBIA,NOTCH2,NRP1,NTRK2,PBX1, 
PDCD4,PDGFD,PEBP1,PKHD1,PROX1,PTCH2,RIC3,S100A1,SETBP1,SPHK1,SPP1,TTN,TUBA1A,VCAM1,VTN,WWTR1,ZBTB16
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two independent external validation sets were 0.67, 
0.74, 0.78, 0.74, 0.77, and 0.75, respectively 
(Figure 3(d-f)). In general, these results demon
strate that our signature performed well in pre
dicting survival in PC patients.

3.6. Clinical stratification survival analysis

As shown in Table 2, after univariate and multi
variate Cox regression analysis, our signature 
served as an independent prognostic indicator in 
PDAC patients, and univariate analysis results sug
gested that T stage, N stage, AJCC stage, and 
tumor sites had a relatively significant impact on 
the survival and prognosis of patients. Hence, we 
further utilized stratified survival analysis to assess 
whether our risk score model retained its prognos
tic value in different subgroups.

Clinicopathological parameters, including 
T stage, N stage, histological grade, and tumor 
sites, were used for further analysis. For patients 
with tumor invasion degree (T), metastatic lymph 
nodes (N), and primary tumor site, the risk score 
had a greater prognostic value (Pvalue < 0.05), and 
indicated that patients in the low-risk group had 
a longer survival period (Figure 4 (a-h)). These 
results further confirmed that our risk model was 
applicable and reliable.

(*P value < 0.05; **P value < 0.01;***P value < 
0.001;**** P value < 0.0001.)

3.7. Somatic mutation burden landscape 
between different risk cohorts

We calculated the TMB variations of each cohort 
and found that the frequency of mutation events 
in the high-risk cohort was significantly higher 

Figure 3. Survival and ROC analysis in training and validation datasets.
(a-c) Kaplan–Meier survival curves for patients in high- and low-risk groups of TCGA (a), GSE79668 (b), and GSE62452 (c) datasets. 
(d-f) Time-dependent ROC curves at 3, 4, and 5 years for patients in TCGA (d), GSE79668(e), and GSE62452 (f) datasets to evaluate 
the prediction efficiency of the prognostic signature. 
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than that in the low-risk cohort in TCGA PDAC 
datasets. Figure 5(a) shows the 10 most frequently 
mutated genes in each cohort. Among them, Kras 
mutation occupied the first position in both 
cohorts, and the mutation spots of Kras between 
the two cohorts are displayed in Supplementary 
Figure 3(a-b). Kras mutation indicated poor sur
vival in patients (Figure 5(b)). Next, we analyzed 
the potential interactions of these gene mutations 
through gene mutation co-occurrence and mutual 
exclusion, and found two cases of GNAS-TP53, 
GNAS-KRAS mutually exclusive mutation were 

in the low-risk cohort (Figure 5(c)). Figure 5(d) 
shows the changes in chromosome copy number 
variation (CNV) across the cohorts. As a result, 
the low-risk cohort was found to have a lower 
regional change compared to the high-risk 
cohort.

3.8. Expression levels of key genes in PDAC

The Human Protein Atlas database (HPA) 
(https://www.proteinatlas.org/) was used to further 
explore the protein expression of these genes. 

Table 2. Univariate and multivariate survival analysis in the training cohort.
TCGA cohort

variables

Univariate analysis Multivariate analysis

HR(95%CI) Pvalue HR(95%CI) Pvalue

Age <60(55) ≥60(122) 1.404(0.892–2.209) 0.143
Gender Female(80) Male(97) 0.823(0.548–1.238) 0.35
T_stage T1/T2(31) T3/T4(144) 2.051(1.088–3.868) 0.026* 1.334(0.684–2.605) 0.398
N_stage N-(49) N+(123) 2.112(1.258–3.547) 0.005** 0.965(0.229–4.509) 0.961
History_grade G1/G2(125) G3/G4(50) 1.518(0.984–2.342) 0.059
AJCC_stage I/IIa(49) IIb/III/�(125) 2.088(1.241–3.513) 0.006** 1.495(0.335–6.678) 0.599
Race Others(21) White(156) 1.126(0.613–2.068) 0.703
Tumor_site Body or Tail(29) Head(129) 

Others(19)
2.357(1.2–4.630) 2.306(0.984–5.402) 0.013*  

0.054
1.894(0.912–3.930) 1.831(0.743–4.515) 0.087  

0.189
Group Low risk(89) High risk(88) 2.367(1.547–3.621) <0.0001**** 1.978(1.257–3.112) 0.003**

Figure 4. Clinical stratification survival analysis.
(a,b) Kaplan-Meier curves displaying the difference in PC patient survival rate in T stage. 
(c,d) Kaplan-Meier curves displaying the difference in PC patient survival rate in N stage. 
(d,f) Kaplan-Meier curves displaying the difference in PC patient survival rate in histological grade. 
(g,h) Kaplan-Meier curves displaying the difference in PC patient survival rate in tumor sites. 
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Except for CXCL10, which was not retrieved, we 
found that LY6D and MET were significantly 
more highly expressed in tumor tissues than in 
normal pancreatic tissues. In contrast, RIC3 and 
GMNN expression was detected at low levels in 
the tumor tissues (Figure 6).

4. Discussion

PC is considered one of the deadliest malignancies 
in humans, with a 5-year survival rate of only 1– 
5%, the most common pathologic type of which is 
PDAC [2]. Recent research has shown that PCSCs 

are an important factor for the tumorigenesis, 
progression, drug resistance, and poor clinical out
come of PDAC [5]. To evaluate biomarkers related 
to PCSCs to explore the potential for targeted 
therapies, we utilized scRNA-seq to capture 
a number of ductal cells with cancer stemness 
during PDAC progression. Meanwhile, based on 
TCGA datasets, we identified five CSC-related 
prognostic signatures, constructed a robust prog
nosis prediction system, and verified it in two 
independent external cohorts from GEO datasets. 
The KM survival curve suggested that the poor 
prognosis of patients in the high-risk group and 

Figure 5. The landscape of somatic mutation burden between different risk groups.
(a) The mutational landscape reveals the frequency of mutation events and the top 10 most frequently mutated genes in the two 
cohorts. 
(b) Kaplan-Meier curves displaying the relevance between OS and Kras mutation in each cohort. 
(c) Heatmap illustrating the co-occurrence and mutually exclusive mutations of the top 10 frequently mutated genes in each cohort. 
(d) Bar graph revealing chromosome CNV between the two cohorts. 
WT, wild type; MUT, mutation (·P < 0.05; * P < 0.01; ** P < 0.001). 
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AUCs of the risk score support the predictive 
accuracy of our model. Furthermore, the TMB 
analysis results of the two cohorts indicated the 
worst outcome of patients in the high-risk cohort. 
In brief, five CRGs are proposed as potential tar
gets against PCSCs.

In this study, we calculated the CNV score between 
ductal cell clusters to evaluate their malignancy status. 
We found that clusters 3, 4, and 5 were significantly 
enriched in tumor tissue and displayed remarkably 
higher CNV levels than cluster 2, which had 
a medium percentage of cells derived from tumor 
tissue. Subsequently, through the analysis of gene 
expression and the enrichment analysis of each ductal 
cell subgroup, we found that the genes enriched in 
clusters 1 and 6 were mostly involved in the normal 
function of the pancreas, whereas the genes enriched 
in clusters 3, 4, and 5 were associated with malignant 
proliferation and distant invasion of cells. In contrast, 
cluster 2 expressed genes that were mostly related to 
cancer stemness. These results demonstrate that dif
ferent transcription patterns among different cell 
populations represent different statuses of diverse 
ductal cells.

ScRNA-seq can accurately reflect the differentiation 
and evolution of different subtypes. We applied the 
Monocle2 method, which uses the asynchrony of 
individual cells to arrange them in pseudo- 
chronological order and illustrates their transforma
tion process, to construct a pseudo-time analysis to 
explain and characterize the evolutionary trajectory 
between cells during PDAC progression. Cell trajec
tory analysis revealed that cluster 2 cells with cancer 
stemness gradually transformed into cluster 3, 4, and 5 
cells, with the ability of proliferation and metastasis. 
The gene expression pattern variations further con
firmed the transformation and succession of stem
ness-to-invasive ductal cells. In conclusion, our 
findings indicate that the ‘stem -to-invasion route’ 
represents the evolution of CSC-like ductal cells to 
invasive ductal cells in PDAC.

Next, we evaluated the gene expression profiles, 
clinicopathological parameters, and genomic 
mutation data of PC patients from TCGA data
base. LASSO and Cox regression analyses were 
used to identify five CSC-related prognostic mole
cules. Among them, the mutation or overexpres
sion of MET exposed pancreatic cells to 

Figure 6. The translational differences of the key genes between pancreatic cancer tissues and normal pancreatic tissues in the HPA 
database.
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proliferative signals, leading to tumorigenesis [35]. 
CXCL10 via CXCL10/CXCR3 signaling axis pro
moted the growth, motility, and metastatic ability 
of tumor cells [36].

In addition, we also observed mutation char
acteristics in both cohorts and found that the 
mutation frequency of KRAS was significantly 
higher in the high-risk cohort, suggesting poor 
patient survival. Kras encodes a protein that is 
a member of the small GTPase superfamily and 
plays an important role in the development of 
pancreatic cancer [37]. Although the potential 
connection between CRGs and Kras remains 
unclear, these findings provide a valuable direc
tion for future research.

In this study, we used scRNA-seq technology to 
propose a trajectory of differentiation of CSC-like 
ductal cells into invasive ductal cells for the first 
time, and identified five CRGs that are signifi
cantly related to the prognosis of PDAC, providing 
potential targets for future research on PCSC drug 
targets. In addition, the connection between the 
signature and the tumor mutation population pro
vides a direction for researchers to achieve precise 
individual tumor treatment in the future.

Conclusion

This study utilized scRNA-seq to depict ductal 
cellular heterogeneity, revealed the invasive tra
jectory, and defined CSC-related prognostic genes 
in PDAC. The general applicability of the signa
ture in clinical stratification survival analysis and 
the correlation of somatic mutation characteris
tics provides an individualized prognostic and 
clinical treatment classifier for clinical decision 
makers.
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