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Integrated bulk and single-cell profiling @
characterize sphingolipid metabolism
in pancreatic cancer

Biao Zhang'", Bolin Zhang?', Tingxin Wang'~", Binggian Huang'?, Lijun Cen**" and Zhizhou Wang'"

Abstract

Background Abnormal sphingolipid metabolism (SM) is closely linked to the incidence of cancers. However, the role
of SM in pancreatic cancer (PC) remains unclear. This study aims to explore the significance of SM in the prognosis,
immune microenvironment, and treatment of PC.

Methods Single-cell and bulk transcriptome data of PC were acquired via TCGA and GEO databases. SM-related
genes (SMRGs) were obtained via MSigDB database. Consensus clustering was utilized to construct SM-related
molecular subtypes. LASSO and Cox regression were utilized to build SM-related prognostic signature. ESTIMATE and
CIBERSORT algorithms were employed to assess the tumour immune microenvironment. OncoPredict package was
used to predict drug sensitivity. CCK-8, scratch, and transwell experiments were performed to analyze the function of
ANKRD22 in PC cell line PANC-1 and BxPC-3.

Results A total of 153 SMRGs were acquired, of which 48 were linked to PC patients’ prognosis. Two SM-related
subtypes (SMRGcluster A and B) were identified in PC. SMRGcluster A had a poorer outcome and more active SM
process compared to SMRGcluster B. Immune analysis revealed that SMRGcluster B had higher immune and stromal
scores and CD8+T cell abundance, while SMRGcluster A had a higher tumour purity score and MO macrophages

and activated dendritic cell abundance. PC with SMRGcluster B was more susceptible to gemcitabine, paclitaxel, and
oxaliplatin. Then SM-related prognostic model (including ANLN, ANKRD22, and DKK1) was built, which had a very
good predictive performance. Single-cell analysis revealed that in PC microenvironment, macrophages, epithelial
cells, and endothelial cells had relatively higher SM activity. ANKRD22, DKK1, and ANLN have relatively higher
expression levels in epithelial cells. Cell subpopulations with high expression of ANKRD22, DKK1, and ANLN had more
active SM activity. In vitro experiments showed that ANKRD22 knockdown can inhibit the proliferation, migration, and
invasion of PC cells.
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Conclusion This study revealed the important significance of SM in PC and identified SM-associated molecular
subtypes and prognostic model, which provided novel perspectives on the stratification, prognostic prediction, and

precision treatment of PC patients.

Keywords Sphingolipid metabolism, Pancreatic cancer, Prognosis, Tumour microenvironment, Therapy, Single-cell

analysis

Introduction

Pancreatic cancer (PC) is an increasingly prevalent
tumour in the United States, ranking as the fourth-high-
est contributor to cancer-related mortality. The inci-
dence of this disease is progressively on the rise among
both male and female populations [1]. A crucial prob-
lem in treating PC is the difficulty of diagnosis at early
stages (i.e.,, T1 and T2 tumours), which typically exhibit
no symptoms. The majority of PC (80%) are detected in
the advanced stage (i.e., T3 and T4 tumours with lymph
nodes and distant metastases), resulting in lost opportu-
nities for curative surgery [2—4]. Furthermore, the treat-
ment of PC faces a critical problem of high resistance and
poor response to anticancer drugs and radiotherapy [5].
The combination of limited treatment options and late
detection contributes to PC being one of the deadliest
cancers. Despite more advanced surgery and more potent
anticancer drugs that have been developed recently, these
developments in therapy have not resulted in apprecia-
bly higher overall survival rates [6—8]. Only 11% of PCs
survive for five years, the lowest among all cancers [1].
Therefore, investigating novel diagnostic and prognostic
biomarkers that can facilitate early detection and treat-
ment strategies for this disease is imperative.

In recent years, extensive research has been conducted
on bioactive lipids, particularly sphingolipids, reveal-
ing a strong association between lipidome and human
diseases [9-11]. Sphingolipids serve as structural and
functional components of the cell membrane, includ-
ing sphingosine-1-phosphate (S1P), ceramide, sphin-
gosine, and sphingomyelin. And enzymes involved in
sphingolipid metabolism (SM) include sphingosine
kinase (SPHK), sphingomyelinase, and ceramidase [12].
Research indicated that aberrant SM might play a criti-
cal role in the incidence of various malignant tumours
[13]. Sphingolipid production and degradation frequently
exhibit abnormalities in cancer cells, leading to modifica-
tions in the composition as well as properties of cellular
membranes. These changes can influence critical biologi-
cal processes like cell signaling, cell adhesion, and apop-
tosis, ultimately facilitating the progression of cancers.
By regulating cancer cell signal transduction networks,
sphingolipids control a range of complex biological pro-
cesses [14, 15]. For example, ceramide and S1P, two bio-
active lipids, have opposing roles as tumour suppressors
and tumour promoters, respectively [16]. Understand-
ing sphingolipid metabolism is crucial in deciphering

the mechanisms underlying cancer cell death and sur-
vival, particularly in response to anticancer treatments
[17]. Some breakthroughs have been made in the field of
digestive tract tumours and even PC by targeting down-
stream components of SM and related signal transduc-
tion [18, 19]. For instance, Zhang et al. discovered that
ceramide-1-phosphate transfer protein could stimu-
late the metastasis of PC cells through the regulation of
ceramide and PI4KA/AKT signaling pathway [19]. Fur-
thermore, the key enzymes and intermediates of SM have
emerged as crucial regulators of tumour cells, influencing
clinical prognosis. Consequently, they are increasingly
recognized as promising themes in the development of
novel anticancer therapies.

This study explored the role of SM-related genes
(SMRGs) in PC prognosis and built SM-associated
molecular subtype, which is linked to the clinical patho-
logical features, prognosis, immune microenvironment,
and treatment response. Furthermore, a prognostic risk
prediction model related to SM was built, which had
good prediction performance. Single-cell analysis
revealed the cell subsets in PC microenvironment and
the activity of SM in each cell subset. These results pre-
sented new targets and tactics for PC patients’ stratifica-
tion and precision treatment.

Materials and methods

Data gathering

The transcript and clinical data (including a total of
185 PCs) were collected in The Cancer Genome Atlas
(TCGA, https://portal.gdc.cancer.gov/). GSE62452 (co
ntaining 69 cases of pancreatic tumour and 61 cases of
adjacent tissues), GSE28735 (containing 45 cases of pan-
creatic tumour and adjacent tissues), GSE85916 (contain-
ing 80 cases of pancreatic tumour tissues), and GSE57495
(containing 63 cases of pancreatic tumour tissues) data-
sets were collected in Gene Expression Omnibus (GEO,
https://www.ncbi.nlm.nih.gov/geo/). Employing the “sva”
package to process transcript data across entirely distinct
datasets to make them balanced and consistent {20, 21].
The SM-related gene sets were collected in The Molecu-
lar Signatures Database (MSigDB, http://www.gsea-m
sigdb.org/) [22]. The univariable Cox regression with a
p-value less than 0.05 was utilized to screen SMRGs asso-
ciated with PC prognosis. Copy number variation (CNV),
single nucleotide variation (SNV), as well as methylation
information of various cancers in TCGA platform, were
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obtained for investigating the genetic changes of the
prognostic SMRGs in pan-cancer.

Consensus clustering

The transcriptome data of PCs derived from different
datasets was merged. Then, consensus clustering was
implemented utilizing “ConsensusClusterPlus” package
[23]. The ideal clustering results were identified from the
cumulative distribution function (CDF) curve. To further
illustrate the reliability of clustering results, principal
component analysis (PCA) and t-distributed stochastic
neighbour embedding (t-SNE) were carried out [24]. Sin-
gle-sample gene set enrichment analysis (sSGSEA) was
implemented to evaluate the changes in SM-associated
signaling pathways between different molecular sub-
types. In addition, gene set variation analysis (GSVA) and
GSEA were implemented to investigate the underlying
mechanisms of variations between the various molecular
subtypes [25].

Immunoassay and drug sensitivity

The ESTIMATE algorithm was employed for calculating
stromal, immune, and tumour purity scores between dif-
ferent subtypes [26]. For further comparing the infiltrated
level of immune cell subpopulation in tumour microen-
vironment between various subtypes, the CIBERSORT
algorithm was employed for assessing the infiltrated
proportion of 22 immune cell subpopulations [27]. The
p-value<0.05 indicated that the infiltrated proportion
generated by CIBERSORT was accurate, which was uti-
lized in subsequent analysis. OncoPredict package can
predict the half maximal inhibitory concentration (IC50)
value of the drug utilizing the sample’s gene expression
data, which was used in this study to compare drug sensi-
tivity between various subgroups [28].

Enrichment analysis

The “limma” package was employed for identifying the
differentially expressed genes (DEGs) among various sub-
types, with a selection criterion of |log2 fold change (FC)|
> 1 and an adjusted p-value<0.05. These DEGs were
identified as SM-associated DEGs. Gene Ontology (GO)
and Kyoto Encyclopedia of Genes and Genomes (KEGG)
enrichment analyses were implemented to explore the
biological behaviours that SM-associated DEGs partici-
pated in [29, 30].

Building of SM-related prognostic model

In this study, LASSO and Cox regression analyses were
implemented to develop a prognostic model for PC uti-
lizing SM-related DEGs [31-33]. The “caret” function
was utilized to split PCs from TCGA into training as
well as internal validation sets at a 5:5 ratio. The exter-
nal validation was completed utilizing PCs from the GEO
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database. Each sample could be classified into a high- or
low-risk population via comparison with the median
value of risk score in the training set. Kaplan-Meier (KM)
approach was employed for comparing the prognosis in
various risk groups [34]. The time-dependent receiver
operating characteristic (ROC) curve and area under the
curve (AUC) were employed to assess the model’s predic-
tion efficiency [35].

Model gene expression analysis

GSE62452 and GSE28735 datasets were utilized to inves-
tigate the RNA expression levels of ANLN, ANKRD22,
and DKK1 in PC. UALCAN platform (https://ualcan.p
ath.uab.edu) can perform differential expression analy-
sis based on tumour proteome data from the CPTAC
database [36]. It was employed for investigating the pro-
tein expression levels of ANLN, ANKRD22, and DKK1
in PC. Human Protein Atlas (HPA) is a public website
(https://www.proteinatlas.org) that provides immunohi
stochemical results of tumour patients [37]. It was used
to download immunohistochemistry pictures of ANLN,
ANKRD?22, and DKK1 in PC.

Construction of protein-protein interaction (PPI) and
competitive endogenous RNA (ceRNA) networks

STRING platform (https://cn.string-db.org/) was utilize
d to explore molecular proteins that interact with model
genes, and the minimum interaction score was set to
0.4 [38]. The miRDB (https://mirdb.org/), TargetScan
(https://www.targetscan.org/vert_80/), miRanda (https:
//mirdb.org/), miRWalk (http://mirwalk.umm.uni-heide
Iberg.de/)were utilized to search for miRNAs that regu-
late model genes, then the miRNAs obtained from the
four platforms were intersected [39]. The spongeScan
(http://spongescan.rc.ufl.edu) platform was used to find
IncRNAs that have a regulatory relationship with miR-
NAs [40, 41]. PPI and ceRNA networks were visualized
using Cytoscape software (version 3.9.1).

Single-cell analysis

Single-cell RNA sequencing (scRNA) data was collected
from GSE214295 dataset (containing three PC tissues)
in GEO platform. Utilizing the “Seurat” package (ver-
sion 4.3.0), scRNA data of PC samples were converted
into Seurat object and then merged [42, 43]. Filter con-
ditions were set as below: each gene was expressed in a
minimum of three cells, each cell expressed more than
200 genes, and the proportion of mitochondrial genes
was under 20%. The “NormalizeData” function was
Employed to normalize scRNA data. After PCA utilizing
the first 2000 hypervariable genes, “Harmony” function
was employed to remove batch effects among various tis-
sues and dimensionality reduction. “FindNeighbors” and
“FindClusters” functions were employed to assess the
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similarity between cells and cluster cell subpopulations.
UMAP was utilized for visualization [44]. Then cells
were annotated using “Human Primary Cell Atlas” [45].
Intercellular communication was analyzed via “CellChat”
package (version 1.6.1). SM score was evaluated utilizing
“UCell’; “singscore’, and “AddModuleScore” methods.

Real-time quantitative PCR

The total RNAs were isolated utilizing three cell lines
(containing one type of pancreatic ductal epithelial cell:
HPDE6-C7; two types of PC cells: BxPC3, PANC-1).
Then, real-time quantitative PCR was implemented to
detect the expressed levels of RNA, which were quanti-
fied using AACt technique. GAPDH served as an internal
reference [46]. All the primer sequences for humans were
acquired from GenePharma (Suzhou, China) and shown
in Table S1.

Cell culture and siRNA transfection

PANC-1 and BxPC-3 cells were maintained in Dulbec-
co’s Modified Eagle Medium (DMEM) and RPMI-1640
medium, respectively, both supplemented with 10% fetal
bovine serum (FBS) (Gibco, USA). The cultures were
incubated at 37 °C in an atmosphere of 5% CO2. siRNA
designed to target ANKRD22 was transfected into the
cells following the manufacturer’s protocol (GenePh-
arma, Suzhou, China).

CCK-8 experiment

PANC-1 and BxPC-3 were grown in 96-well plates. On
hours 0, 24, 48, and 72, these cells were incubated with
100 pL of medium containing 10% CCK-8 reagent and
incubated at 37 °C in the dark for 2 h. Subsequently, the
OD values at 450 nm were measured to evaluate cell pro-
liferation ability.

Scratch experiment

PANC-1 and BxPC-3 were seeded in 6-well plates and
subjected to a scratch using a 200 pL pipette tip when
they reached approximately 100% confluence. Pho-
tographs were captured on hours 0 and 24, and the
scratched area was analyzed with Image] software. The
healing rate of the scratch, reflecting cell migration abil-
ity, was calculated by taking the difference between the
area on hour 0 and 24, divided by the area on hour 0.

Transwell invasion experiment

PANC-1 and BxPC-3 were cultured utilizing 100 pL of
serum-free medium in a transwell chamber (Corning,
NY, USA) pre-coated with Matrigel. In the lower cham-
ber, 800 pL of medium supplemented with 10% FBS was
added. After 24 h, the cells that migrated through the
transwell chamber were counted to evaluate their inva-
sion capability.
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Data analysis

All data analysis was done utilizing GraphPad Prism 9
and R software (version 4.1.2). When measuring data had
a normal distribution, the variation in the two groups
was assessed utilizing a t-test. When measurement data
didn’t follow a normal distribution, the variation in the
two groups was assessed utilizing the Wilcoxon test. The
survival curve was drawn utilizing the KM approach. The
p-value<0.05 demonstrated statistical significance.

Results

Identification and analysis of SMRGs

The overall process of the study is displayed in Fig. 1.
Based on MSigDB, 17 SM-related gene sets (contain-
ing 153 SMRGs) were obtained, of which 6 were derived
from the GO database, 1 were derived from the KEGG
pathway database, 2 were derived from the Reactome
database, and 8 were derived from the WikiPathways
database (Table S2). Univariable Cox regression analysis
found that 48 SMRGs were linked to PC patients’ prog-
nosis, 19 SMRGs of which were linked to better progno-
sis (ST8SIA5, GPR6, B3GALT1, PLA2G6, SIRT3, GBA2,
ABCA2, SMPD1, GLTPD2, ST6GALNAC6, SUMF2,
SMPD2, SPHK2, ARSA, DEGS2, FUTI1, B3GALT2,
ABCBI1, ST8SIA3), and 29 SMRGs were linked to poor
prognosis (FUT3, FA2H, ALDH3B2, SGPP2, ARSI,
SPHK1, UGCG, NAGA, ARS], STS, ESYT2, ESYTS3,
B4GALT1, SGMS2, ALDH3B1, PRKD3, PPPICA,
SPTLC2, ST3GAL1l, SPTLC1, B3GNT5, PRKAAI,
ABCC1, KDSR, CDK2, MTOR, SPTLC3, PITPNB,
MAPK]1) (Fig. 2A). Based on these prognostic SMRGs,
PCA and t-SNE could clearly distinguish PC tissues
from normal tissues in GSE28735 dataset (Fig. 2B and
C) as well as GSE62452 dataset (Fig. 2D and E). Subse-
quently, we conducted further analysis of the expres-
sion differences of these prognostic SMRGs between PC
and normal tissues. Most prognostic SMRGs exhibited
significantly different expression levels, with SPTLCI,
SGPP2, SGMS2, KDSR, PPP1CA, UGCG, SPHKI,
SPTLC2, CDK2, B4GALT1, NAGA, B3GNT5, FUTS3,
ST3GAL1, STS, ALDH3B1, FA2H, ABCC1, PRKAAI,
ARS]J, and ESYT2 being markedly upregulated in PC,
while FUT1, B3GALT2, B3GALT1, ST8SIA5, ST6GAL-
NAC6, ST8SIA3, GLTPD2, and PLA2G6 showed sig-
nificantly reduced expression in PC tissues (Figure S1).
These results suggest that SMRGs may be closely linked
to PC occurrences and could be used as a potential diag-
nostic marker for PC.

Pan-cancer analysis

Abnormal SM is associated with tumorigenesis, so the
genetic alteration of SMRGs in pan-cancer was explored
in this study, including CNV, methylation, and SNV.
Results found that CNV of SMRGs was a common
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Fig. 1 The flow chart of this study

genetic change in 33 cancers, among which the CNV
types of SPTLC3, SPHK1, B3GNT5, ST3GAL1, SUMF2,
ABCBI1, ESYT2, and ESYT3 were mainly manifested
as gains, while the CNV types of SGMS2, SMPD]1, and
SIRT3 were mainly manifested as losses (Fig. 3A). More-
over, it was discovered that in most SMRGs, such as
SPTLC1, KDSR, GBA2, PAPK1, SUMF2, PITPNB, and
PIKAA1, there was a positive association between CNV
and gene expression (Fig. 3B). Methylation is an epigen-
etic modification that can affect gene expression and the
development of various cancers. This study indicated

that the methylation level of ST8SIA5 and ST8SIA5
was higher within tumour tissues, while the methyla-
tion level of B3GALT1, FUT3, SPTLC3, and SGMS2 was
higher within normal tissues (Fig. 3C). Correlation analy-
sis revealed an intricate association of methylation and
gene expression, with a positive correlation in B3GALT1,
MTOR, CDK2, and SPTLC3 and a negative correla-
tion in GLTPD2, FUT3, and KDSR (Fig. 3D). In addi-
tion, genetic mutations, such as TP53 and KRAS, have
significant effects on gene expression and function and
are directly associated with various cancers occurrence.
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This study investigated SNV of SMRG in 33 kinds of
cancers. MTOR, ABCB1, ABCA2, and ABCCI1 were the
top four genes in pan-cancer with the highest SNV fre-
quency (Fig. 4A). Among the 33 cancers, skin cutaneous
melanoma (SKCM) and uterine corpus endometrial car-
cinoma (UCEC) had a relatively higher overall mutation
frequency of SMRGs (Fig. 4B).

Identification of SM-related molecular subtypes

To further explore the role of SM in PC, we identified the
molecular subtypes related to SM in PC. Two SM-asso-
ciated molecular subtypes (SMRGcluster A and SMRG-
cluster B) were identified for PC (Fig. 5A-C). PCA and
t-SNE allowed for a clear distinction in various subtypes
(Fig. 5D and E), which further demonstrated that clus-
tering results were reliable. KM curves indicated a sub-
stantial variation between the two subtypes’ prognoses,
and SMRGcluster A patients’ prognoses were noticeably
worse than those of SMRGcluster B patients (Fig. 5F). In
addition, the relationship between SM-related subtypes
and pathological features of PC was analyzed in this
study. The results showed that there was a higher propor-
tion of the higher T, N, M, clinical stage, and pathological

grade in SMRGcluster A patients compared with SMRG-
cluster B (Fig. 5G-K).

ssGSEA, GSVA, GSEA, and immunoassays
The ssGSEA was utilized to analyze the SM difference in
various subtypes, result manifested that SMRGcluster A
had a remarkably higher SM score (Fig. 6A). The under-
lying mechanisms of the differences in various subtypes
were investigated utilizing GSVA and GSEA. We found
that “p53 signaling pathway’, “cell cycle’, “homologous
recombination’, “glycolysis gluconeogenesis’, and “O-gly-
can biosynthesis” were significantly enriched within
SMRGcluster A. While “neuroactive ligand receptor
interaction” and “calcium signaling pathway” were obvi-
ously enriched within SMRGcluster B (Fig. 6B and C).
Additionally, the difference in various PC patients is
also closely related to tumour microenvironment het-
erogeneity. Based on “ESTIMATE” algorithm, it was
found that SMRGcluster B had higher immune as well
as stromal scores, while SMRGcluster A had a higher
tumour purity score (Fig. 6D-F). CIBERSORT algo-
rithm was further utilized to assess the infiltration abun-
dance of 22 kinds of immune cell subpopulations in PC
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Fig. 3 Copy number variation (CNV) and methylation of sphingolipid metabolism-related genes (SMRGs) in pan-cancer. (A) CNV frequency of SMRGs in
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tumour and normal tissues. (D) Correlation between methylation and expression of SMRGs in various cancers

microenvironment. Results indicated that the infiltrated
level of naive B cells and CD8+T cells were higher in
SMRGcluster B, while MO macrophages and activated
dendritic cells (DCs) had higher infiltration levels in
SMRGcluster A (Fig. 6G).

Drug sensitivity between SM-related molecular subtypes

In addition to surgery, drug treatment is important for
cancer patients and can improve their survival time.
However, because different patients respond differently
to drug treatment, the effectiveness of drug treatment is
variable. To better assist the individualized treatment of
PC patients, this study predicted the IC50 of anti-cancer

drugs in various SM-associated subtypes. It was discov-
ered that SMRGcluster A was more sensitive to sapitinib
and selumetinib, and SMRGcluster B had a higher sen-
sitivity to 5-fluorouracil, cisplatin, docetaxel, epirubicin,
gemcitabine, irinotecan, oxaliplatin, paclitaxel, savoli-
tinib, and sorafenib (Fig. 7A-L).

GO and KEGG enrichment analyses

To further seek the molecular targets related to the
pathogenesis and prognosis of PC, 292 differentially
expressed genes (DEGs) defined as SM-related DEGs
were further identified between the various subtypes,
of which 170 were highly expressed in SMRGcluster A
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and 122 were highly expressed in SMRGcluster B (Fig-
ure S2). GO analysis revealed that the enriched pathways
for these genes included “digestion’, “digestive system
process’, “skin development’, “epidermis development’,
epithelial structure main-

“epithelial cell proliferation’, “

tenance”, “regulation of body fluid levels’, “anatomical
structure homeostasis’, and “regulation of epithelial cell
proliferation” (Fig. 8A). KEGG analysis manifested that
the enriched pathways for these genes included “pan-
creatic secretion’, “ECM-receptor interaction’, “retinol
metabolism’, “focal adhesion”, “PI3K-Akt signaling path-

way’, and “glycerolipid metabolism” (Fig. 8B).

Building of SM-related prognostic model

Univariable Cox regression found that 143 SM-related
DEGs were linked to the prognosis of PC (Table S3).
To eliminate overfitting among genes, LASSO regres-
sion was carried out (Fig. 9A and B). Then, multivariable
Cox regression was employed for building an SM-asso-
ciated prognostic model, including three genes: ANLN,
ANKRD22, and DKK1 (Fig. 9C). KM curves of the train-
ing set indicated that the low-risk PCs survived notice-
ably longer compared to the high-risk PCs (Fig. 9D), and
1-, 3-, and 5-year survival rates’ AUCs were 0.773, 0.796,
and 0.81, respectively (Fig. 9E). PCA as well as t-SNE may
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Fig. 7 Drug sensitivity between different subtypes. SMRGcluster B was more sensitive to 5-fluorouracil (A), cisplatin (B), docetaxel (C), epirubicin (D),
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sapitinib (L)

accurately identify PCs with various risks (Fig. 9F). Addi-
tionally, the internal (Fig. 9G) and external (Fig. 9]) vali-
dation sets also indicated that the low-risk PCs survived
noticeably longer compared to the high-risk PCs. The 1-,
3-, and 5-year survival rates’ AUCs were 0.691, 0.763, and

0.760 in the internal validation set (Fig. 9H), and 0.622,
0.634, and 0.667 in the external validation set (Fig. 9K).
PCA and t-SNE could also clearly distinguish samples
between different risk groups within the internal (Fig. 9I)
and external (Fig. 9L) validation sets.
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Fig. 8 Enrichment analysis. (A) Gene Ontology enrichment analysis. (B) Kyoto Encyclopedia of Genes and Genomes enrichment analysis

Relationship of SM-related risk score with
clinicopathological features and immune
microenvironment

PCs with T3-4 stages had a significantly higher risk score
than those with T1-2 stages (Fig. 10A). The risk scores
were higher in PCs with a higher clinical stage or patho-
logical grade (Fig. 10B and C). PCs with N1 and M1 stages
had higher risk scores than those with the corresponding
NO and MO stages, but the difference was not statistically
significant (Figure S3 and Figure S4). Multivariable Cox
regression analysis indicated that SM-related risk score
is an independent risk factor for PC, regardless of clini-
copathological characteristics (Figure S5). Correlation
analysis manifested risk score was significantly positively
correlated with SM score (Fig. 10D). ANKRD22, ANLN,
and DKK1 also showed a significant positive correlation
with SM score, among which ANKRD22 had the most
significant correlation (Fig. 10E-G). Immune analysis
manifested that the infiltrated abundance of naive B cells,
CD8+T cells, resting memory CD4+T cells, monocytes,
and resting mast cells were higher in low-risk PC, but fol-
licular helper T cells, MO and M1 macrophages, active
DCs, active mast cells, and neutrophils had higher infil-
trated abundance in high-risk PC (Fig. 10H). Further cor-
relation analysis manifested that SM score, risk score,
ANKRD22, ANLN, and DKK1 were significantly posi-
tively correlated with MO macrophages, but negatively
correlated with monocytes (Fig. 10I).

Drug sensitivity in high- and low-risk groups

Evaluating the sensitivity of each patient to various drug
treatments is necessary and can help clinicians reason-
ably formulate individualized therapy regimens for PC
patients. This study discovered that the low-risk PCs
were more sensitive to cisplatin, epirubicin, fludara-
bine, gemcitabine, irinotecan, oxaliplatin, and sorafenib
(Fig. 11A-G). While the high-risk PCs were more sensi-
tive to selumetinib and ulixertinib (Fig. 11H and I).

Expression of model genes

The RNA-expressed levels of ANLN, ANKRD22, and
DKK1 were investigated via GSE28735 and GSE62452
datasets. Results showed that ANKRD22, ANLN, and
DKK1 had higher RNA expression levels in PC tissues
than in normal tissues (Fig. 12A-B). Proteomic data from
CPTAC database suggested that ANKRD22, ANLN, and
DKK1 had higher protein levels in PC tissues (Fig. 12C-
E). The immunohistochemistry images of ANLN and
ANKRD22 were also downloaded via HPA platform.
Immunohistochemistry images showed that ANLN and
ANKRD?22 had stronger protein expression in PC tissues
than in adjacent tissues (Fig. 12F and G). To illustrate the
dependability of these findings, the expression of ANLN,
ANKRD22, and DKK1 was verified using PCR. Results
suggested that the expression of ANLN, ANKRD22, and
DKK1 was higher in PC cells compared to pancreatic
ductal epithelial cells (Fig. 12H-J).
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PCA and t-SNE (l) in the internal validation cohort. Survival curve (J), ROC curve (K), PCA and t-SNE (L) in the external validation cohort

PPl and ceRNA networks

For exploring which proteins interact with ANLN,
ANKRD22, and DKK1, PPI networks were constructed.
Results showed that ANKRD22 interacts with POTED,
BATF2, ETV7, FCGR1B, GBP5, STAMBPL1, POTEM,

LOC100288966, SLC25A45, ANKRD1, and these pro-
teins may be involved in relevant biological processes
together (Fig. 13A). ANLN interacts with BUB1, CEP55,
DIAPH3, ECT2, KIF11l, KIF20A, KIF23, RACGAP],
TPX2, and RHOA (Fig. 13B). DKK1 interacts with
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CKAP4, CTNNBI1, DKK3, KREMEN1, KREMEN?2,
LRP5, LRP6, SOST, WNT1, and WNT3A (Fig. 13C). In
addition, ceRNA networks were built to investigate the
regulatory mechanisms of ANLN, ANKRD22, and DKKI.
The ceRNA networks included 63 nodes (3 mRNA, 11
miRNA, and 49 IncRNA) and 64 edges (Fig. 13D).

Single-cell analysis
A total of 3 PC samples containing 29,294 cells were col-
lected from GSE214295 dataset. And 22,935 cells were

obtained after the quality control (Figure S6). After
dimensionality reduction and clustering, the cells of 3 PC
samples were shown in Fig. 14A. A total of 26 cell clusters
were identified (Fig. 14B). After cell annotation, 10 cell
subpopulations were identified, including B cells, CMP,
endothelial cells, epithelial cells, macrophages, neurons,
neutrophils, smooth muscle cells, T cells, and tissue stem
cells (Fig. 14C). Epithelial cells, tissue stem cells, and
macrophages had more abundant intercellular commu-
nication (Fig. 14D). ANKRD22, DKK1, and ANLN have
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high expression levels in epithelial cells (Fig. 14E-G).
Then, the SM score was evaluated in each cell subpopu-
lation using “UCell’} “singscore’, and “AddModuleScore”
algorithms, and the results showed that macrophages,
epithelial cells, and endothelial cells had relatively high
SM scores (Fig. 14H). According to the expression levels
of ANKRD22, DKK1, and ANLN, each cell subpopula-
tion was divided into high- or low-expression groups.
The results showed that epithelial cells, tissue stem cells,
and macrophages with ANKRD22 high expression had
more active SM, and interestingly, B cells with ANKRD22
low expression had more active SM (Fig. 141). Epithelial

cells and tissue stem cells with DKK1 high expression
had more active SM (Fig. 14]). Epithelial cells, tissue stem
cells, and B cells with ANLN high expression had more
active SM (Fig. 14K).

ANKRD22 knockdown could restrain the proliferation,
migration, and invasion of PC cells

By reviewing the published literature, ANLN and DKK1
knockdown have been shown to inhibit the proliferation
and aggressiveness of PC cells. However, the function of
ANKRD?22 in PC cells has not been reported. Therefore,
in vitro experiments were conducted to investigate the
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Fig. 13 Protein—protein interaction (PPI) and competitive endogenous RNA (ceRNA) networks. PPl networks were constructed using ANKRD22 (A), ANLN
(B), and DKK1 (C). (D) The ceRNA included 63 nodes and 64 edges (Circle represents mRNA, triangle represents miRNA, and diamond represents INcRNA)

function of ANKRD22 in PC cells. The siRNA target-
ing ANKRD22 was transfected into PC cells BxPC-3 and
PANC-1. PCR results confirmed the successful knock-
down of ANKRD22 expression (Fig. 15A and B). CCK-8
assays demonstrated that the knockdown of ANKRD22
inhibited the growth of BxPC-3 and PANC-1 cells
(Fig. 15C and D). Scratch assays revealed that the knock-
down of ANKRD?22 significantly reduced the migration
of BxPC-3 and PANC-1 cells (Fig. 15E and F). Tran-
swell invasion assays indicated that the knockdown of
ANKRD22 effectively inhibited the invasion of PANC-1
and BxPC-3 cells (Fig. 15G and H). Based on the above
results, it can be concluded that ANKRD22 knockdown
can inhibit the proliferation, migration, and invasion of
PC cells, which can be used as a potential therapeutic
strategy for PC.

Discussion

PC is a highly malignant tumour that progresses quickly
and has a terrible outcome [47]. Effective diagnosis and
treatment of PC have always been challenges for clini-
cians [48]. Currently, radical surgery remains the only
possible cure for PC. Although the multi-strategy diag-
nosis and treatment of malignant tumours have been
continuously improved in recent years, PC tumour

microenvironment is diverse and heterogeneous, which
makes adjuvant therapy low sensitive. Therefore, the
prognosis of PC is worse than that of other gastrointes-
tinal tumours [49]. Recently, the role of SM in tumour
pathogenesis has attracted more and more researchers’
attention [50]. Studies found that abnormal SM played
important functions in tumour cell survival, growth,
invasion, and treatment resistance [51, 52]. The quick
progress of high-throughput sequencing technology
and microarrays running on high-throughput platforms
provides new strategies for screening latent targets for
cancer diagnosis and therapy [53—-56]. Multi-omics tech-
niques have also been widely used in cancer research
[57-59]. This study utilized bulk and single-cell profiling
to characterize SM in PC, which provided a new perspec-
tive for patient stratification and precision medicine of
PC.

SM is a highly complex process, and its imbalance can
lead to the occurrence, development, and metastasis
of tumours by activating or inhibiting cell signal trans-
duction [60]. Malavaud et al. [61] found that SPHK1 in
prostate cancer tissues was upregulated and may be a
potential biomarker for diagnosis. Increased expression
of sphingolipid metabolism-related genes has also been
found in breast, esophageal, gastric, hepatocellular, and
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Fig. 14 Single-cell analysis. (A) UMAP plot showed the distribution of cells in various samples. (B) UMAP plot showed that a total of 26 cell clusters were
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active sphingolipid metabolism activity. (ns denotes not significant; * denotes p <0.05; ** denotes p <0.01; *** denotes p <0.001)

ovarian cancers [62—65]. This study suggested that most
SMRGs were related to PC prognosis, and PCA and
t-SNE based on the expression of SMRGs can clearly dis-
tinguish PC tissues from normal tissues. These results
revealed that SMRGs were involved in the occurrence of
PC and could be used as candidate markers for PC diag-
nosis and therapy. Hu et al. [66] found that the abnormal
activity of SM was related to the distant metastasis of

osteosarcoma, which could offer a fresh strategy for the
treatment of osteosarcoma. A meta-analysis [67] showed
that abnormally elevated expression of SPHK1 was linked
to poor prognosis in cancer patients. Two SM-associated
molecular subtypes (SMRGcluster A and SMRGcluster
B) were identified in this study. PCs in SMRGcluster A
had a more advanced clinical stage, worse pathological
grade, and shorter survival. The ssGSEA analysis further
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revealed that SMRGcluster A had a more active SM
process.

Tumour microenvironment is a hot topic in oncology
research [68-70]. Besides tumour cells, tumour micro-
environment also contains immune cells, stromal cells,
and stromal components that are connected to tumour
occurrence and development [71, 72]. Sphingolipid is
an important component of cell membrane, and their
abnormal metabolism will affect the activity of immune
cell surface receptors, thereby interfering with immune
response of tumour cells [71]. Weigert et al. [73] showed
that tumour cell apoptosis-derived S1P could contribute
to M2 phenotypic transition of macrophages in tumour

microenvironment. In this study, single-cell analysis was
implemented to reveal that SM had higher scores in mac-
rophage. Studies by Nema et al. [74] found that sphingo-
sine-1-phosphate or lipid-phosphatase-3 was connected
with the infiltrations of CD8+T cells, neutrophils, and
macrophages. CD8+T cells can recognize tumour cell
surface antigens and kill tumour cells, and their high
infiltration is considered to be connected with a good
outcome [75]. The function of B cells within tumour
microenvironment is complex and controversial, which
may be related to different subsets and functional states
of B cells [76, 77]. On the one hand, B cells have the func-
tion of antigen presentation, eliciting immune responses
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against tumours, and enhancing the prognosis for cancer
patients [78, 79]. However, some studies have also shown
that B cells are linked to tumour progression and poor
prognosis. For example, the degree of tumour angiogene-
sis is linked to the existence of B cells with STAT3 activity,
indicating that these cells are regulators of tumour devel-
opment and possible targets for treatment [80]. CD19+B
cells were linked to metastasis and poorer outcome of
ovarian cancer [81]. The connection between SM-asso-
ciated molecular subtype and tumour microenvironment
was evaluated using the “ESTIMATE” and “CIBERSORT”
algorithms in this study. The infiltrated levels of naive
B cells and CD8+T cells were higher in SMRGcluster
B with a better prognosis, while the infiltrated levels of
macrophage MO and activated dendritic cells were higher
in SMRGcluster A with a poorer prognosis.

Primary and secondary drug resistance is a great chal-
lenge for cancer therapy [82]. It is of great significance
to clarify the sensitivity of each patient to specific drug
treatment and improve the response to drug treatment to
improve drug efficacy and formulate individualized treat-
ment plans [83]. Many studies have shown that abnormal
SM can affect drug sensitivity. Li et al. [84] revealed that
enoyl-CoA hydratase could induce colorectal cancer cell
resistance to 5-fluorouracil and oxaliplatin by promoting
UDP-glucose ceramide glycosyltransferase-mediated gly-
cosylation of ceramide glycosylation. The study by Wang
et al. [85] demonstrated that hepatocellular carcinoma
had abnormally high levels of SPHK1 expression, which
was linked to a poor outcome and oxaliplatin resistance.
This study suggested that PC patients in SMRGcluster B
had higher sensitivity to 5-fluorouracil, docetaxel, epiru-
bicin, gemcitabine, oxaliplatin, paclitaxel, savolitinib, and
sorafenib. Therefore, exploring the mechanism of abnor-
mal SM in patients with PC may provide a new strategy
for clarifying drug sensitivity and contributing to realiz-
ing scientifically individualized treatment.

To accurately assess the prognosis of each PC patient,
an SM-related prognostic model (including three genes
ANKRD22, ANLN, and DKK1) was built in this study.
ANKRD?22 was found to be a mitochondrial protein that
can interact with multiple subunits of phosphoinositide-
dependent kinase-1 and ATP synthase complex, involved
in metabolic reprogramming [86, 87]. Pan et al. [87] found
that ANKRD22 and extended synaptopagmin-1 worked
together to transfer extra lipids into mitochondria and
decrease the number of mitochondria, which promoted
metabolism reprogramming in colon cancer cells. Wu
et al. [88] showed that breast cancer patients had abnor-
mally high levels of ANKRD22 expression, which trig-
gered the Wnt/-catenin signaling pathway by controlling
NUSAP1 and encouraged breast cancer metastasis. Yin et
al. [89] found that ANKRD22 was connected with a bad
outcome and recurrence of lung cancer. This research
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indicated that the expression of ANKRD22 was up-reg-
ulated within PC tissues and linked to a bad outcome.
Moreover, single-cell analysis suggested that ANKRD22
was associated with a high score of SM in macrophage,
which may promote tumour development by influenc-
ing SM process of macrophage. ANLN can encode Anlin
protein, a ubiquitously expressed actin-binding protein,
which can regulate tumour cell migration. ANLN expres-
sion is elevated in numerous malignant tumours and is
linked to bad outcome [90, 91]. This study suggested that
ANLN was linked to the bad outcome in PC and could
be a possible therapeutic target. DKK1, a member of the
Dickkopf family, may prevent LRP5/6 interaction with
Wnt, hence preventing p-catenin-dependent Wnt sig-
naling pathway [92]. The influence of DKK1 on malig-
nant tumours is still controversial. The study by Hall et
al. [93] revealed that DKK1 expression was elevated in
early prostate cancer. However, with the disease progres-
sion, especially advanced bone metastasis, the expressed
level of DKK1 decreased. Betella et al. [94] found that the
overexpression of DKK1 was linked to the suppressed
immune microenvironment, and could be a latent ther-
apy target of ovarian cancer. In vivo experiments revealed
that DKK1 could interact with cytoskeleton-associated
protein 4 on the surface of macrophages, then activate
downstream PI3K-AKT signaling and promote immune
suppression [95]. This study indicated that DKK1 expres-
sion was increased within PC and was linked to a bad
prognosis.

This study identified SM-associated molecular sub-
type and prognostic model for PC, and comprehensively
assessed the prognosis, clinicopathological features,
tumour microenvironment, and therapy response in
various molecular subtypes and risk subgroups. How-
ever, this study has several shortcomings as well. First,
PC samples were obtained through public databases, and
the prospective clinical cohort remains indispensable to
verifying the dependability of the SM-related prognostic
model. Second, the molecular mechanisms of ANKRD22,
ANLN, and DKK1 in PC development and prognosis still
need to be explored by more in-depth experiments in
future studies.

Conclusion

This study identified SM-associated molecular subtypes
and prognostic model in PC, which revealed abnormal
SM was related to the development, prognosis, immune
microenvironment, and therapy responses of PC. Single-
cell analysis revealed that SM had a relatively higher level
in macrophages, epithelial cells, and endothelial cells in
PC microenvironment. Cell subpopulations with high
expression of ANKRD22, DKK1, and ANLN had more
active SM. ANKRD22 knockdown can inhibit the prolif-
eration, migration, and invasion of PC cells. These results
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offer novel perspectives and strategies on the stratifica-
tion, prognostic prediction, and precision treatment of
PC patients.
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