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ABSTRACT

Nucleotide metabolism significantly influences tumor cell proliferation, yet its specific profile in pancreatic cancer remains inad-
equately understood. This study was aimed at characterizing the nucleotide metabolic profile in pancreatic cancer and assessing
the contribution of the key gene adenylate kinase (AK) 4. Multiomics data, including transcriptomic, single-cell sequencing, spa-
tial transcriptomic, and metabolomics datasets, were obtained from publicly accessible platforms. The impact of AK4, a key gene
of nucleotide metabolism, on the proliferation and migration of pancreatic cancer cells was investigated using various molecular
biological techniques. Nucleotide pathway-related metabolites exhibited marked differences in abundance between pancreatic
cancer tissues and normal pancreatic tissues. Single-cell sequencing analysis identified MKI67* and myeloid cells as subsets with
overactive nucleotide metabolism. Immune cells from tumor tissues had a higher score of nucleotide metabolism than those from
the normal pancreas. Spatial transcriptomics revealed spatial features of nucleotide metabolism in pancreatic cancer. Pancreatic
cancer patients displayed distinct clinical heterogeneity in nucleotide metabolism, with elevated nucleotide signaling correlating
with poorer patient prognosis. Furthermore, tumor subtypes showed variations in immune microenvironment features and im-
mune checkpoint expression, which may explain their differential prognoses. A nucleotide metabolic-derived prognostic panel
had the potential to predict the clinical outcomes of patients with pancreatic cancer. The AK4 gene played a central role in nucle-
otide metabolism, and its overexpression in clinical pancreatic cancer samples was frequently linked to adverse patient outcomes.
Cell-based experiments revealed that AK4 knockdown suppressed pancreatic cancer cell proliferation and migration. Abnormal
nucleotide metabolism pathways are implicated in pancreatic cancer onset and progression.

1 | Introduction and is challenging to detect in its early stages [3]. A significant

proportion of patients are diagnosed in the advanced stages [4],
Pancreatic cancer, often referred to as the “king of cancer,” frequently precluding surgical intervention and imposing sub-
represents a malignancy of the digestive system with the worst stantial social and familial burdens [5]. In the global effort to
prognosis and the poorest postsurgical quality of life [1, 2]. combat pancreatic cancer, researchers have explored the disease
Notably, the disease typically presents with an insidious onset from multiple angles, including the creation of a novel staging
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system [6], the development of early diagnostic strategies [7, 8],
the incorporation of neoadjuvant chemotherapy approaches
[9], and the advancement of radiomics-based predictive models
[10, 11]. Despite these extensive endeavors, pancreatic cancer
remains a formidable malignancy, with its notorious status as
the “king of cancer” firmly entrenched in the public conscious-
ness. The uncontrolled proliferation of tumor cells and other
malignant behaviors demands significant energy and base sup-
port, with abnormal activation of nucleotide metabolism fre-
quently serving as a key driver for the abnormal proliferation
of these cells.

Nucleotide metabolic pathways are frequently reprogrammed
to support the rapid proliferation and chemotherapy resistance
of pancreatic cancer cells [12]. These cells exhibit a strong re-
liance on the de novo synthesis pathway to meet the demands
of their accelerated growth. Adenylate kinase (AK) serves as
a critical regulatory enzyme in high-energy phosphorylation
transfer reactions within the cells of various organisms, play-
ing an essential role in adenine nucleotide metabolism and ho-
meostasis maintenance [13]. Nine isoenzymes of the AK family
(AK1-AK9) have been identified in vertebrates to date. This
monomeric phosphotransferase catalyzes reversible phosphoryl
transfer reactions and modulates intracellular ATP levels [14].
AKX is integrally involved in controlling tumor cell metabolism
and metabolic signaling, thereby linking metabolic reprogram-
ming to aggressive behaviors like migration and invasion. AK4,
in particular, is involved in hypoxia tolerance, resistance to
anticancer drugs, and the regulation of mitochondrial activity,
positioning it as a potential target for cancer therapies [15, 16].
Recent studies have highlighted the AK4 gene's role in pro-
moting tumor cell proliferation and metastasis, particularly in
bladder [17], lung [18, 19], and ovarian cancers [20]. However, its
expression profiles and tumor-promoting effects in pancreatic
cancer remain unclear.

This study investigates the altered nucleotide metabolic ac-
tivity in pancreatic cancer, integrating multiomics data from
metabolomics, single-cell omics, and transcriptomics. The ac-
cumulation of nucleotide-related metabolites in the tumor mi-
croenvironment (TME) may drive the malignant behaviors of
cancer cells. Furthermore, distinct nucleotide metabolism pro-
files exist across pancreatic cancer patients, offering potential
for their integration into clinical classification systems, thereby
advancing precision oncology. Machine learning has identified
AK4 as a key gene involved in nucleotide metabolism. This
study demonstrates that elevated AK4 expression in pancreatic
cancer correlates with a poor patient prognosis. Additionally,
knockdown of AK4 expression attenuates the proliferative and
migratory capacities of pancreatic cancer cells.

2 | Materials and Methods
2.1 | Metabolomics Data Analysis

Liu et al. [21] performed metabolomics sequencing on 35 pancre-
atic cancer and 31 normal pancreatic samples, with the results
made publicly available. The metabolomics data used in this
study were sourced from their report. The data was organized,
focusing on the expression abundances of metabolites associated

with purine and pyrimidine metabolism. A subsequent compar-
ison was made between the nucleotide metabolism abundances
in cancerous and normal tissues.

2.2 | Single-Cell Sequencing and Spatial
Transcriptomics Data Analysis

The single-cell sequencing data were obtained from the
GSE205049 [22] cohort, which includes sequencing informa-
tion for nine pancreatic cancer samples and their correspond-
ing adjacent tissues. The Seurat R package's CreateSeuratObject
function was employed to process the single-cell data,
with the parameters min.cells=3 and min.features = 200.
For further data cleaning, additional parameters were
applied: nCount_RNA > 1000, nFeature_RNA > 500,
nFeature_RNA < 8000, and percent. mt < 20. Standardization
and normalization were performed using the NormalizeData
and ScaleData functions, while batch effects were removed with
the RunHarmony function [23]. Dimensionality reduction and
clustering were executed with a resolution parameter of 1.5.
The DimPlot function was then used to generate the UMAP vi-
sualization. Cell subsets for each cluster were identified based
on prior single-cell annotation methods [24], including acinar,
ductal, endocrine, and immune cells, among others. Nucleotide
metabolism-related genes were obtained from the MSigDb
database  (https://www.gsea-msigdb.org/gsea/msigdb/cards/
REACTOME_METABOLISM_OF_NUCLEOTIDES).

To quantify the nucleotide metabolism profiles of each cell,
methods outlined in previous studies [25, 26] were adopted,
incorporating Add, AUCell, UCell, singscore, and ssgsea. To
mitigate the potential influence of algorithmic variation, quan-
titative indicators from these methods were normalized and
aggregated, yielding a total score (Scoring), which provided a
more stable reflection of cellular metabolic activity. Finally, the
Wilcoxon test was applied to assess the differences in nucleo-
tide metabolism activity between cells from distinct sources.
Pseudotime analysis [27] was employed to explore the dynamic
variation of nucleotide metabolism during the malignant trans-
formation of ductal epithelial cells. Cell-chat analysis [28] was
utilized to explore the crosstalk among different cell types. In
addition, the GEO platform provided three patients with spatial
transcriptomics data. The Seurat package was applied to carry
out spatial transcriptomics analysis. Similarly, we also employed
multiple gene set enrichment analysis algorithms (i.e., Add,
AUCell, singscore, ssgsea, UCell, and total scores) to quantify
the nucleotide metabolism features across spatial regions.

2.3 | Transcriptome Sequencing Data Analysis

The transcriptome sequencing data of 930 samples with pancre-
atic cancer were obtained from the GSE57495 [29], GSE28735
[30], TCGA-PAAD, GSE62452 [31], MTAB-6134 [32], ICGC-CA,
and ICGC-AU datasets. Unsupervised clustering of TCGA-
PAAD cohort samples, based on the nucleotide metabolism
expression profile, identified two metabolic subtypes: C1 and
C2. Survival differences between these subtypes were assessed
using Kaplan-Meier (KM) curves. The GSVA algorithm was
employed to evaluate nucleotide metabolism activity in each
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FIGURE 1 | Abundance of nucleotide pathway-related metabolites in pancreatic cancer tissues compared to normal pancreatic tissues. ns, not

significant; **p < 0.01 and ***p < 0.001.

pancreatic cancer sample, with the Wilcoxon test applied to
assess metabolic differences between the C1 and C2 subtypes.
Clinical data from TCGA, including stage, grade, and age,
were integrated with metabolic subtyping to explore the clin-
ical characteristics associated with distinct metabolic states.
Furthermore, HALLMARK-related signaling pathways, essen-
tial for tumorigenesis and progression, were retrieved from the
MSigDb platform [33]. The GSVA algorithm was used to com-
pute HALLMARK scores for each patient, with score differ-
ences between C1 and C2 subtypes subsequently compared.

The immune microenvironment remains a central focus in
tumor research [34]. To this end, immune characteristics were
assessed under the two metabolic states, C1 and C2. Initially,
the estimate algorithm [35] was employed for a broad evalua-
tion, quantifying stromal score, immune score, and tumor pu-
rity in each pancreatic cancer patient. These metrics provide a
general view of the immune landscape. Subsequently, a compre-
hensive immune prediction algorithm, including TIMER and
CIBERSORT (36, 37], was applied to accurately assess the in-
filtration of various immune cell types. Finally, recognizing the
significance of tumor heterogeneity and chemosensitivity, the
oncopredict package was utilized to predict drug susceptibility,
aiming to identify potential therapeutic agents tailored to indi-
viduals with distinct metabolic profiles [38].

Six hundred and thirty-five patients from the TCGA data-
base, the GEO database, and the ArrayExpress database were
identified, and 295 patients from the ICGC database were
also obtained for further model construction. Fifty percent
of the samples of 635 patients were identified as the training
cohort, and the remaining samples were considered the testl
cohort. Additionally, all 635 patients were considered as the
test2 cohort. Also, 295 patients were considered the test3 co-
hort. LASSO-Cox regression analysis was utilized to filter es-
sential genes and develop a prognostic panel. Survival curves
and ROC curves were employed to determine the predictive
accuracy.

2.4 | Prediction of Key Genes Associated With
Nucleotide Metabolism Pathways

The random forest algorithm was applied to evaluate the impor-
tance of genes involved in the nucleotide metabolism pathway
in pancreatic cancer. Genes with higher predicted coefficients
were deemed more influential. The Biomarker Exploration for
Solid Tumors platform [39] was a publicly available online re-
source that offers transcriptomics data and clinical information
for nearly all human cancers. This platform enables the inves-
tigation of potential associations between genes and disease
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FIGURE2 | Single-cell atlas of pancreatic cancer. (A) UMAP dimensionality reduction plot of pancreatic cancer cell subpopulations. (B) Expression

distribution of marker genes in pancreatic cancer cell subpopulations.

phenotypes. It was used in this study to assess the expression
profiles, clinical relevance, and prognostic implications of the
key gene AK4 in nucleotide metabolism.

2.5 | Cell Culture

Pancreatic cancer cell lines employed in this study included
Panc-1, BxPc-3, and SW1990 cells. BxPc-3 cells were maintained
in 1640 medium supplemented with 10% FBS, while Panc-1 and
SW1990 cells were cultured in DMEM medium with 10% FBS.
Prior to passaging, all cells were trypsinized. Cultures were
maintained in a 37°C incubator with 5% CO,.

2.6 | RNA Extraction, RNA Reverse Transcription,
and PCR Assays

Following cell centrifugation, the pellet was collected and re-
suspended in 1 mL of TRIzol, ensuring uniform mixing. After
standing, chloroform was added, and the mixture was centri-
fuged according to the manufacturer's protocol. The resulting
supernatant was transferred, and isopropanol was introduced
to facilitate RNA precipitation. A subsequent centrifugation
step yielded the RNA precipitate, which was then washed with
80% ethanol and centrifuged again. After drying, the RNA
pellet was dissolved in enzyme-free water for concentration
measurement. Reverse transcription was carried out as per
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FIGURE 3 | Analysis of nucleotide metabolism characteristics in pancreatic cancer at single-cell resolution. ns, not significant; **p < 0.01,

***p < 0.001, and ****p < 0.0001. (A) Nucleotide metabolism characteristics of various cell subpopulations in pancreatic cancer. Prediction of nucleo-

tide metabolism characteristics in different cell types of cancerous and normal pancreatic tissues using the (B) Add algorithm, (C) AUCell algorithm,
(D) singscore algorithm, (E) ssgsea algorithm, (F) UCell algorithm, and (G) Scoring algorithm.

the RNA reverse transcription kit guidelines. Quantitative 2.7 | Cell Transfection
PCR analysis was performed using the SYBR method. The

primer sequences are shown in Supporting Information 4:

Table S1.

AK4-knockdown siRNA reagents and the siRNA Transmate Plus
transfection reagent were purchased from GenePharma. The
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FIGURE 4 | Cell trajectory and cell-cell communication analysis. (A) The heatmap shows the dynamic variation of nucleotide metabolism. (B)
Cell trajectory plots of nucleotide metabolism scores. (C) Cell-chat network. (D) Ligand-receptor interaction network.

gene silencing sequences are shown in Supporting Information
4: Table S2. Following the manufacturer's protocol, SW1990 and
PANCI1 cells were transfected for AK4 gene knockdown, and
knockdown efficiency was assessed via PCR analysis.

2.8 | CCKS8 Assay

SW1990 and PANCI cells in the logarithmic growth phase were
utilized for the CCK8 assay. Prior to the experiment, SW1990
and PANCI1 cells were seeded in six-well plates, followed by AK4
knockdown as described earlier. After successful transfection,
cells were trypsinized, and 5000 cells were plated into 96-well
plates. Two groups, siNC and siRNA-AK4, were established.
CCKS8reagent was added at 48 h, and absorbance was measured.

2.9 | Wound Healing Assay

Following successful transfection of the AK4 gene, a 200uL pi-
pette tip was used to create a “grid” pattern in the six-well plate for

scratching. Cell migration was assessed by capturing images at 0,
24, and 48h postscratching using an optical microscope, allowing
for comparison of the effects of AK4 knockdown on cell migration.

2.10 | Transwell Migration Assay

Prepare serum-free culture medium to hydrate the basement
membrane before the formal experiment to ensure an appro-
priate cell migration environment. An appropriate amount of
cells was placed in the upper chamber of the transwell chamber,
while medium containing 10% serum was added to the lower
chamber to stimulate their migration. After 24 h, crystal violet
staining was used, and micrographs were taken.

2.11 | Immunohistochemical Assay
Human pancreatic cancer tissue microarrays and correspond-

ing ethical certificates were obtained from Shanghai Weiao
Biological Company. AK4 antibodies for immunohistochemistry
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were purchased from Affinity Biosciences (Cat# DF6781). The
procedure was as follows: The tissue microarray was immersed
in xylene and varying ethanol concentrations, then transferred
to a boiling antigen retrieval solution. After thorough PBS wash-
ing, the chip was treated with a 3% hydrogen peroxide solution
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to block endogenous peroxidase activity. Following serum block-
ing with goat serum, the chip was washed with PBS, incubated
with AK4 antibody overnight at 4°C, and processed the next day.
Immunohistochemical staining was performed, after which the
chip was sealed and photographed.
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FIGURES5 | Spatial transcriptomics features of nucleotide metabolism in pancreatic cancer.

3 | Results

3.1 | Metabolism Characteristics
of Nucleotide-Associated Metabolites in
Pancreatic Cancer

The nucleotide metabolic profile of pancreatic cancer tissue de-
viated significantly from that of normal pancreatic tissue, pri-
marily characterized by an abnormally increased nucleotide
metabolite. Nucleotide metabolism plays a crucial role in facili-
tating malignant behaviors such as cancer cell proliferation and
migration. Metabolites, including 1-methyladenosine, 1-meth-
ylguanosine, 1-methylinosine, 2-methylguanosine, 2-pyrrolid-
inone, dihydrouracil, N2, N2-dimethylguanosine, orotic acid,
and pseudouridine, exhibited markedly elevated levels in pan-
creatic cancer tissue. Conversely, metabolites such as 2-pyr-
rolidinone and 5,-methylthioadenosine showed a significant
decrease in abundance (Figure 1).

3.2 | Characterizing Nucleotide Metabolism in
Pancreatic Cancer Using Single-Cell and Spatial
Transcriptomics

Following quality control, a total of 25,788 single cells were se-
lected for subsequent omics analysis. After performing UMAP
dimensionality reduction, 25 distinct cell subsets were identified
(Supporting Information 1: Figure S1). These subsets were then
annotated using marker genes, with the following classifications:
Subsets 4, 6, and 23 corresponded to B cells; Subsets 17 and 20 were
classified as pancreatic ductal epithelial cells; and Subset 15 was
identified as mast cells; Subsets 22 and 24 as plasma cells; Subsets
8,11, 12, 13, 14, and 19 as myeloid cells; Subset 21 as fibroblasts;
Subset 18 as MKI67* cells; and Subsets 0, 1, 2, 3, 5, 7, 9, 10, and 16
as NK/T cells. As illustrated in Figure 2A, a total of eight subsets
were identified, with clear groupings and precise identification.
To better visualize the marker gene expression for each cell group,
the spatial expression of each marker was mapped, as shown in
Figure 2B. CD79A and MS4A1 were the primary markers for B
cells; KRT19 for ductal epithelial cells; COL1A1 for fibroblasts;

TPSABI for mast cells; GZMA and CD3D for NK/T cells; CD14,
ATF1, and FCN1 for myeloid cells; and IGJ for plasma cells.

As illustrated in Figure 3A, nucleotide metabolism was most
pronounced in MKI67+ and myeloid cells. The metabolic dif-
ferences across various cell subsets in the normal pancreas and
pancreatic cancer were then assessed. The Add (Figure 3B),
AUCell (Figure 3C), singscore (Figure 3D), ssgsea (Figure 3E),
UCell (Figure 3F), and Scoring (Figure 3G) algorithms revealed
that multiple cell types within the pancreatic cancer microen-
vironment exhibited heightened nucleotide metabolism activity,
including NK/T cells, B cells, and MKI67* cells. In contrast, nu-
cleotide metabolism signals in ductal epithelial cells were no-
tably weaker. Although pancreatic ductal epithelial cells serve
as the primary site of pancreatic cancer lesions, their nucleotide
metabolism should theoretically be more active due to the high
demand for purine and pyrimidine pools in cancer cell prolifer-
ation. However, this study observed the opposite. This discrep-
ancy may be attributed to the limited number of ductal epithelial
cells within the single-cell cohort. The UMAP dimensionality
reduction plot clearly showed a relatively low proportion of duc-
tal cells, which may explain the observed result. Further exten-
sive sequencing studies are necessary to investigate this further.
Finally, to better visualize the nucleotide metabolic profiles
under each algorithm, the quantitative results were mapped onto
the UMAP visualization (Supporting Information 2: Figure S2).

The nucleotide metabolism-related genes undergo correspond-
ing changes with the occurrence of ductal epithelial cell car-
cinogenesis (Figure 4B). We observed that genes such as TYMP,
AKS5, and ADK were highly active in the early stages of the lesion
(Figure 4A), suggesting their potential involvement in the early
pathogenesis of pancreatic cancer, such as ADM and PanIN. In
contrast, genes like UPP2 and AK4 showed relatively higher ac-
tivity during the intermediate stages of the lesion, implying their
possible role in maintaining tumor phenotypes and promoting
tumor progression (Figure 4A). In the late stages of the lesion,
AK2 and AK7 exhibited relatively increased expression, indicat-
ing their potential association with tumor invasion and even ad-
vanced cachexia (Figure 4A). Figure 4C illustrates the cell-cell
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FIGURE 6 | Identification of clinical subtypes of pancreatic cancer based on nucleotide metabolism characteristics. *p < 0.05 and **p < 0.01.

(A) Unsupervised hierarchical clustering. (B) Heatmap showing the expression characteristics of nucleotide metabolism genes in different clinical

subtypes. (C) Comparison of nucleotide metabolism activity among different clinical subtypes. (D) Prognostic differences among different clinical

subtypes. (E) Differences in HALLMARK signaling activity among different clinical subtypes.

communication network between ductal cells and other cells
under different nucleotide metabolic states. Figure 4D displays
the ligand-receptor relationships involved in these cellular com-
munications. Spatial transcriptomics features of nucleotide me-
tabolism are plotted in Figure 5.

3.3 | Transcriptomics Features of Nucleotide
Metabolism-Related Genes in Pancreatic Cancer

Unsupervised clustering of pancreatic cancer patients from the
TCGA cohort identified two distinct metabolic subtypes, C1
and C2 (Figure 6A). The C1 subtype exhibited higher nucleo-
tide metabolism gene expression compared to C2. Furthermore,
significant clinical differences were observed between the two
subtypes (Figure 6B). The GSVA algorithm demonstrated nota-
bly elevated nucleotide metabolism activity in the C1 subtype
relative to C2 (Figure 6C). Patients of the C1 subtype showed
a significantly poorer prognosis compared to the C2 subtype,
underscoring the adverse clinical impact of elevated nucleotide
metabolism in pancreatic cancer (Figure 6D). Targeting inhibi-
tion of nucleotide metabolism may offer a promising therapeu-
tic approach. Additionally, C2 subtype patients exhibited active
bile acid metabolism, angiogenesis, and activation of Hedgehog
signaling pathways, whereas C1 subtype patients displayed en-
hanced P53 signaling and glycolysis pathways (Figure 6E).

To further elucidate the relationship between nucleotide metabo-
lism and immune microenvironment in pancreatic cancer, mul-
tiple immune algorithms, including ESTIMATE, TIMER, and
CIBERSORT, were employed for comprehensive analysis. The re-
sults indicated that the C1 subtype, characterized by relatively ac-
tive nucleotide metabolism, exhibited high tumor purity and low

immune score (Figure 7B). Elevated tumor purity correlates with
increased demand for pyrimidine and purine-related metabolites,
necessitating enhanced nucleotide metabolism to sustain this fea-
ture. Figure 7A provides a detailed examination of immune cell in-
filtration. Across all algorithms, consistent results were observed,
suggesting that the C1 subtype exhibits reduced immune cell in-
filtration. Conversely, pancreatic cancer specimens from the C2
subtype showed a higher abundance of immune cell infiltration.
Immune checkpoints, key regulators inhibiting immune-medi-
ated tumor elimination, were found to differ significantly in ex-
pression levels between the C1 and C2 groups. Higher expression
of genes such as IL23A, CD40, CD276, and CD70 was observed
in the C1 subtype, while elevated expression of JAK2, CD28, and
CDS8A was noted in the C2 subtype (Figure 7C). Drug suscepti-
bility analysis revealed that 5-fluorouracil was more beneficial
for pancreatic cancer patients with active nucleotide metabolism,
whereas sorafenib appeared more suitable for those with inactive
nucleotide metabolism (Figure 7D).

LASSO-Cox regression analysis determined a 10-gene prog-
nostic panel (Supporting Information 3: Figure S3A,B). These
10 genes included ENTPDS5, DPYS, ADA, NT5E, IMPDH2,
TXN, NME3, NT5M, CDA, and TK1 (Supporting Information
3: Figure S3B). Figure 8 exhibits good performance in predicting
clinical outcomes of patients.

3.4 | Identification of AK4 as a Central Nucleotide
Metabolism Gene in Pancreatic Cancer

The random forest algorithm identified AK4 as the most signif-
icant gene in nucleotide metabolism, ranking it first among all
evaluated genes (Figure 9). In pancreatic cancer tissues, AK4
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transcription levels were notably elevated compared to normal
pancreatic tissue, with expression strongly correlating with
clinical stage and grade (Figure 9). Elevated AK4 expression
was also observed in patients with KRAS and TP53 mutations.
Furthermore, the transcriptional profile of AK4 was associated
with tumor metastasis and response to radiotherapy (Figure 9).
Figure 9 illustrates the correlation between AK4 transcription
levels and clinical outcomes in pancreatic cancer patients, with
high AK4 expression linked to poorer prognosis (Figure 10).

3.5 | Effect of AK4 on Pancreatic Cancer Cell
Proliferation and Migration

Figure 11A reveals that AK4 expression was most pronounced in
SW1990 cells. To assess the functional impact of AK4 on pancre-
atic cancer cells, an AK4 knockdown experiment was conducted
in SW1990 and PANCI cells. As depicted in Figure 11B,C, the
siRNA-835 sequence exhibited the most efficient knockdown of
AK4 expression, making it the selected sequence for subsequent
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FIGURE 8 | Survival curves and ROC curves of the prognostic panel.

experiments. CCK8 assay results demonstrated that AK4 knock-
down significantly suppressed SW1990 and PANCI cell prolifer-
ation (Figure 11D,E). Additionally, wound healing assay results
indicated that AK4 knockdown reduced the migratory capacity of
SW1990 and PANCI1 cells (Figure 11F,G). The Transwell assay also
indicated the impact of the AK4 gene on the migratory capacity of
SW1990 and PANCI cells (Figure 11H,I). Immunohistochemical
staining of tissue microarrays further confirmed that AK4 expres-
sion was markedly higher in pancreatic cancer tissue compared to
adjacent normal tissue (Figure 117J).

4 | Discussion

Pancreatic cancer remains one of the most lethal malignancies,
with a 500-year survival rate lingering around only 12% despite

recent medical advances [40]. This dismal prognosis reflects the
aggressive biology of pancreatic cancer, including its capacity for
metabolic reprogramming to support unrestrained growth. It is
well known that cancer cells modulate their microenvironment
and metabolism to fulfill increased demands for energy and
biosynthetic precursors [41]. Among these reprogrammed path-
ways, nucleotide metabolism has garnered increasing attention
as a driver of tumor proliferation and survival [42]. Nucleotides
are fundamental not only for DNA and RNA synthesis but also
for energy transfer and signaling processes [43]. In pancreatic
cancer, aberrant nucleotide metabolism is emerging as a piv-
otal factor that facilitates rapid tumor cell proliferation and
contributes to therapeutic resistance [12, 44]. Beyond support-
ing cell-intrinsic needs, deregulated nucleotide pathways can
influence the TME; for example, accumulating evidence indi-
cates that excessive nucleotide turnover in tumors can lead to
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FIGURE9 | Clinical characteristic analysis of the key nucleotide metabolism pathway gene AK4.

immunosuppressive concentrations of metabolites (such as ade-
nosine), thereby blunting antitumor immune responses.

Nucleotides, as essential macromolecules that carry biological
information, primarily serve as precursors for nucleic acid syn-
thesis and support cellular proliferation [45]. Ongoing studies
on purines and pyrimidines have expanded the understanding
of nucleotides, revealing their broader roles beyond promoting
cell growth, including nonproliferative effects in tumor biol-
ogy (46, 47]. Metabolomics analyses conducted in this study
further substantiate the involvement of nucleotide metabolism
in pancreatic cancer, as evidenced by the significantly elevated
abundance of nucleotide-related metabolites in cancerous tissue
compared to normal pancreatic tissue.

Our single-cell and spatial transcriptomics analyses shed light
on how nucleotide metabolism varies across different cellular
compartments of the tumor and between patients. We found
that within the TME, MKI67* proliferative tumor cells and in-
filtrating myeloid immune cells were among the subsets with
the most active nucleotide metabolic gene signatures. In fact,

the demand for nucleotides in these populations surpassed that
of all other cell types analyzed, echoing observations by others
that both cancer cells and certain immune cells exhibit high
nucleotide turnover in the TME [41, 48, 49]. Tumor cells, espe-
cially those in a rapid growth phase, rely on increased nucleotide
biosynthesis, whereas immune cells (such as activated T cells
or macrophages) require nucleotides for clonal expansion and
effector functions.

Compared to normal pancreatic tissue, cancerous tissues exhib-
ited a marked increase in nucleotide metabolism across various
cell types. Given that pancreatic cancer primarily originates
in the pancreatic duct and is predominantly characterized by
ductal adenocarcinoma, this study specifically focused on the
nucleotide metabolism of ductal cells. However, the relatively
small number of ductal cells in the single-cell dataset limited the
ability to thoroughly investigate their metabolic characteristics,
which represents a limitation of the current study. Future re-
search with larger single-cell datasets will be necessary to more
comprehensively explore the nucleotide metabolism profiles of
ductal cells.

13 of 18



Cox regression analysis

0S_GSE78229 - - - - - f—
OS_TCGA_PAAD - - - - - [
0S_GSE62452 .- - - - - —r E_MTAB_6134 GSE62452
OS_GSE57495+ - - - - - — - - - 1.00 1.00
OS_GSE85916 ' - - - - - e S . T Wy
OS_E_MTAB_6134 .- - - - - R
OS_GSE28735 .- - - ——%—— - - - © - BOTS R FOOTS A
0S_ICGC_PAAD_CA seq '~ - - - - e cocoads £ £
OS_GSE79668 1 '—1‘.—' """ i E 0504 - - - % cMea oo E 0504 - - - o - ha o
OS_ICGC_PAAD_AU_array <. - - - -—®—= - - - - - - - 1 - T: ?—3 | iy
OS_GSE71729 - - —&— - - - - - - - - gozs L g 025 " <
OS_GSE21501 i _":_ I ’ Log rank o -+ ’ Log-rank +
OS_ICGC_PAAD_AU_seq—:— S p =0.00031 ‘ p = 0.002
DFS_TCGA_PAAD - - - - - - e 0004~ 0004 ST T
. ! . T T T T T T T T T T T T
RFS_E_MTAB_6134 - - - - - e e
- N ' . 0 3 6 9 12 0 1 2 3 4 5 6
RFS_ICGC_PAAD_CA_seq - - - - - n_*:*_. . : 4
RFS_ICGC_PAAD_AU_array 4. - - - - __:_ o Number at risk Number at risk
RFS_ICGC_PAAD_AU_seq 4 ———— - - - - - - & High 4183 - - - =37 - - - - 10- - - - - 3 - - - - 0 4 High420- - 18- - -4 - -l -0 - - D - 0
DSS_TCGA_PAAD '~ - - - - j—a—- - f: 5:
PFS_TCGA_PAAD - - - - - | .. B B I e
T I = T T T T T T T T T T T T T
0.5 1.0 3.0 0 3 6 9 12 0 1 2 3 4 5 6
Hazard ratio Time in years Time in years
B oS B DSS
I DFS m PFS
RFS
TCGA_PAAD GSE78229 GSE85916
rrrrrrrrrrrrrrrrrrrrrr 1005 - ------ - - --- 100-l|‘\
= b, S 0754 R zorsd - M
= = 4 Z ’
=1 =] =1
=z e 2 0.50 B T 20504 ---8 b—me—ou. ...
= Mt = ARa = o
5} 5} 3
> H—t > >
S 025 - - T S 0254 - - - - e And S 025 - - - o e
Log-rank Log-rank Log-rank
p <0.0001 p = 0.00079 p = 0.0097
0.00 BT 0.00 R R 0.00 R
T T T T T T T T T T T T T T T T T
0 2 4 6 8 0 1 2 3 4 5 6 0 3 6 9 12
Number at risk Number at risk Number at risk
<+ High 469- - - - - 10- - - - - koo d (pocos 0| o High418---6---F---0--0---0---0- 4 High4s1----- - 2 0- - - - - 0-
M M M
< oz - - 100 ... .0- < d31. .92, .93 -9 .- 5 ..3...9- < B S
T T T T T T T T T T T T T T T T T
0 2 4 6 8 0 1 2 3 4 5 6 0 3 6 9 12
Time in years Time in years Time in years
TCGA_PAAD TCGA_PAAD TCGA_PAAD

1.00 - 00 TT——

0.75 - .

Disease-free survival

=) o =)

[ ] w ~

w (=) w

1 1 L
Disease-specific survival
=3
w
S
1

----------------- 1.00

0754 - -

Progress—free survival
o
&
(=)
1

Log-rank
p < 0.0001
0.00 - [ .o ccccccacoaccaccoacs 0.00
T T T T T T T T T T
0 2 4 6 8 0 2 4 6 8
Number at risk Number at risk
< High447- - 27-- .9 - - .5 .- 2 --d.--0:| 4 High467----- 9 - IO 0- - - 0- <+ High f144 - - - 18- - - - - 3o 0- - - - 0-
M M M
< dar 16 - R - b e b D < B T S S < da g e e
T T T T T T T T T T T T T T T T T
0 1 2 3 4 5 6 0 2 4 6 8 0 2 4 6 8
Time in years Time in years Time in years

FIGURE 10 | Prognostic analysis of the key nucleotide metabolism pathway gene AK4. *p < 0.05, **p < 0.01, and ***p < 0.001.

Importantly, our integrative analysis revealed significant interpa-
tient heterogeneity in nucleotide metabolism, leading us to define
two distinct metabolic subtypes of pancreatic cancer. Subtype C1
was characterized by hyperactive nucleotide metabolic pathways,
whereas subtype C2 exhibited comparatively lower nucleotide met-
abolic activity. Clinically, these metabolic subtypes showed mark-
edly different behaviors. Patients in the C1 group tended to present
with more advanced disease and had a significantly worse prog-
nosis than those in C2. In our cohort, C1 tumors were enriched for
high tumor cell purity (i.e., a higher fraction of tumor cells relative

to stromal/immune components) and demonstrated a paucity of
infiltrating immune cells. In contrast, subtype C2 had relatively
greater immune cell presence. Therefore, the C1 metabolic pheno-
type (a high-nucleotide, “metabolically hot” tumor) may not only
fuel aggressive growth but also underlie immune evasion. One
plausible explanation is that the overactive nucleotide metabolism
in C1 tumors leads to the accumulation of metabolites (like ATP,
UTP, and their breakdown products) that can impair antitumor
immunity or indicate a more hypoxic, adenosine-rich milieu that
discourages effective immune cell function. These characteristics
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analysis of AK4 expression characteristics.

likely contribute to the poorer outcomes observed in C1 patients.
By contrast, the C2 subtype might resemble a less aggressive meta-
bolic state, potentially allowing more robust immune surveillance
and, hence, a better prognosis.

Prior studies in other cancers have identified metabolic gene
expression signatures associated with differential prognosis

and therapy responses [50, 51]. Our results suggest that as-
sessing nucleotide metabolic activity could be an important
addition to the molecular stratification of pancreatic cancer.
In practical terms, patients with a Cl-like profile might ben-
efit from more aggressive treatment or from therapies target-
ing metabolic pathways, whereas C2 patients might have a
different risk profile. Future research should validate these
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subtypes in independent cohorts and explore whether they
have predictive value for treatment.

A central finding of our multiomics study is the identification
of AK4 as a key regulatory gene in the nucleotide metabolism
network of pancreatic cancer. AKs are a family of enzymes that
maintain cellular energy homeostasis by catalyzing phosphate
transfer between adenine nucleotides [52]. As a member of the
AK family, AK4 is essential for cellular energy metabolism and
the maintenance of adenine nucleotide homeostasis across var-
ious subcellular compartments [53]. AK4 has been shown to
interact with ADP/ATP translocase, indirectly modulating mi-
tochondrial membrane permeability, suggesting its involvement
in mitochondrial function regulation [54].

In recent years, the role of AK4 in malignant tumors has gar-
nered increasing attention. Xin et al. [17] utilized immunohisto-
chemistry and molecular biology techniques to demonstrate that
elevated AK4 expression is closely associated with tumor stage,
distant metastasis, and vascular invasion in bladder cancer, as
well as with a poor prognosis in affected patients. In vitro exper-
iments further established that AK4 enhanced the proliferation,
invasion, and metastasis of bladder cancer cells. Zhang et al.
[55] also reported that AK4 promoted the progression of HER2-
positive breast cancer. Additionally, Jan et al. [19] observed a
significant increase in AK4 expression in lung adenocarcinoma
tissue compared to normal lung tissue, with this overexpression
correlating with tumor stage and poor prognosis. Furthermore,
Jan et al. [19] demonstrated that AK4 knockdown inhibited the
invasive potential of lung cancer cell lines, whereas AK4 overex-
pression promoted invasion both in vitro and in vivo. This study
also showed that knockdown of AK4 expression suppressed the
proliferation and migration of pancreatic cancer cell lines. In
conclusion, AK4 is overexpressed in various malignant tumors
and promotes tumor cell invasion and metastasis through multi-
ple mechanisms, supporting its potential as a therapeutic target.

5 | Conclusion

Nucleotide metabolism plays a significant role in the initiation
and progression of pancreatic cancer. MKI167* and myeloid cells
represent the primary cell types with active nucleotide metabo-
lism. Knockdown of AK4, a key gene in nucleotide metabolism,
leads to a reduction in the proliferation and migration of pancre-
atic cancer cells to some degree.
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