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Abstract
Background  The metabolism of lactate and lactylation of proteins are believed to influence tumor development 
through their effects on the tumor microenvironment and immune escape mechanisms. Nevertheless, its significance 
in pancreatic ductal adenocarcinoma (PDAC) has yet to be fully understood. This investigation sought to assess the 
predictive value and treatment implications of lactate-related genes (LRGs) in PDAC.

Methods  We analyzed PDAC data from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO), 
identifying LRGs. Using weighted gene co-expression network analysis (WGCNA) and consensus clustering, we 
delineated lactate subtypes and extracted differentially expressed genes. Functional enrichment and gene set 
enrichment analysis (GSEA) analyses were conducted to explore pathways. A lactate-linked risk signature was 
constructed using Lasso-Cox regression, and its prognostic value was validated. In vitro experiments were executed to 
examine the function of MCU in PDAC cells. In vitro experiments were conducted to detect the malignant potential of 
MCU in PDAC cells and its effect on lactic acid metabolism.

Results  Two lactate subtypes were identified, with distinct gene expression profiles and clinical outcomes. The risk 
signature, comprising four LRGs, predicted survival with significant accuracy. In vitro, MCU knockdown reduced cell 
proliferation, migration, invasion, and stemness, confirming its role in PDAC malignancy. At the same time, it can also 
inhibit lactate production and glycolysis processes.

Conclusion  Our investigation underscores the importance of LRGs in PDAC, providing a novel prognostic signature 
and therapeutic target.
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Introduction
Pancreatic ductal adenocarcinoma (PDAC) constitutes 
an exceptionally deadly type of malignancy [1]. It is 
anticipated that by the year 2030, PDAC will ascend to 
become the second most prevalent cause of cancer mor-
tality in the United States [2]. The incidence of PDAC 
is increasing. However, the 5-year survival rate remains 
around 13% despite advanced treatments, including sur-
gery, radiation therapy, immunotherapy, and targeted 
therapy.

 [3, 4]. Despite extensive research into its biology and 
pathophysiology, it may still seem inadequate, applying 
this understanding in clinical settings to enhance patient 
outcomes remains a significant challenge [5]. Hence, 
identifying key genes that could potentially govern the 
initiation and progression of PDAC is of paramount 
importance, as they may offer new avenues for therapeu-
tic intervention.

Lactate, once regarded merely as a metabolic byprod-
uct of anaerobic glycolysis, has emerged as an essential 
factor in the development of malignant tumors, including 
PDAC. The Warburg effect, characterized by a preference 
for glycolysis over oxidative phosphorylation, results in 
elevated lactate production within the tumor microenvi-
ronment (TME) [6]. The buildup of this metabolite leads 
to TME acidification, which has profound implications 
for tumor biology. The resulting acidic conditions dimin-
ish immune cell effectiveness, particularly T lympho-
cytes and natural killer cells, through suppression of their 
cytotoxic activities and growth [7]. Moreover, investiga-
tions have demonstrated that lactic acid drives macro-
phage transformation toward an immunosuppressive M2 
state, thereby suppressing anti-tumor immune responses 
[8]. Lactate also acts as a signaling molecule, influenc-
ing tumor cell behavior by regulating various signaling 
pathways, such as the GPR81 pathway, which modulates 
immune evasion and tumor growth [9]. In PDAC, lac-
tate serves a crucial function in metabolic reprogram-
ming, supporting tumor cell survival and proliferation 
by providing essential carbon skeletons for biosynthesis 
[10]. Furthermore, lactate can affect tumor angiogenesis 
by stabilizing hypoxia-inducible factors (HIFs) and pro-
moting the expression of angiogenic factors [11]. The 
multifaceted effects of lactate on the TME highlight its 
significance as a target for therapeutic intervention in 
pancreatic cancer, offering potential avenues for improv-
ing treatment outcomes [12, 13].

In this study, aiming to reveal the intricate interac-
tions between Lactate-related genes (LRGs) and PDAC 
prognosis, we utilized transcriptomic and single-cell data 
obtained from public databases to establish a predictive 
survival model for PDAC. By integrating bioinformatics 
techniques, we found that MCU was closely associated 
with the prognosis of PDAC. Finally we validated the 

potential relationship between MCU and PDAC and its 
significance in the progression of PDAC using multiple 
experimental approaches.

Materials and methods
Datasets
The Cancer Genome Atlas (TCGA) is a public project 
cataloging key genomic changes in cancer. We analyzed 
PDAC data (​h​t​t​p​​s​:​/​​/​p​o​r​​t​a​​l​.​g​​d​c​.​​c​a​n​c​​e​r​​.​g​o​v​/) from TCGA, 
excluding cases with 0 survival time, perioperative deaths 
and cases with missing data, resulting in 176 tumors and 
4 normal tissue samples. A prognostic validation dataset, 
GSE62452, was procured from GEO (​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​c​b​i​​.​n​
l​​m​.​n​i​​h​.​​g​o​v​/​g​e​o​/).

From GeneCards (http://www.genecards.org), we ​i​d​e​
n​t​i​f​i​e​d 2208 Lactate-related genes (LRGs). A set of 206 
LRGs were retrieved from the prior literature [14]. After 
removing the duplicated genes, we got a total of 2346 
LRGs, detailed in Supplementary Table 1.

WGCNA and Pinpointing the differentially expressed genes 
(DEGs)
The gene co-expression network within the TCGA-
PAAD dataset was generated utilizing the “WGCNA” 
package. The essential module was identified as having 
both the maximum Pearson coefficient and the strongest 
link to clinical characteristics. Modules were established 
using average linkage hierarchical clustering based on 
topological overlap matrix (TOM) dissimilarity, followed 
by dynamic tree-cutting with a minimum module size 
of 30 genes, and merged if eigengene dissimilarity was 
< 0.25.

Statistical analysis of mRNA expression across diverse 
cohorts was executed utilizing the t.test function in 
R software. Subsequently, the p.adjust function was 
employed to determine a marked False Discovery Rate 
(FDR) for individual genes, which facilitated the extrac-
tion of differential expression profiles. The mRNAs were 
screened for differential expression based on the follow-
ing criteria: an adjusted P-value below 0.05 and an abso-
lute fold change exceeding 1.5.

Consensus clustering
This study utilized the ConsensusClusterPlus package in 
R to perform consensus clustering, aiming to uncover 
molecular subgroups associated with Lactate. The ideal 
number of subtypes, k, was determined using the consen-
sus matrix, consensus score, and cumulative distribution 
function (CDF) cure. To validate the findings, the optimal 
cluster count was evaluated for values of k ranging from 
2 to 10, with the entire procedure iterated 1000 times for 
robustness. Cluster visualizations were produced utiliz-
ing the Pheatmap package in R.

https://portal.gdc.cancer.gov/
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
http://www.genecards.org
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Functional enrichment analysis of the data
The KEGG REST API was employed for pathway analy-
sis (​h​t​t​p​​s​:​/​​/​w​w​w​​.​k​​e​g​g​​.​j​p​​/​k​e​g​​g​/​​r​e​s​t​/​k​e​g​g​a​p​i​.​h​t​m​l). We 
conducted an enrichment evaluation on recent KEGG 
pathway gene classifications employing the R package 
clusterProfiler. Gene collections were screened with a 
lower threshold of 5 genes and an upper limit of 5000. 
Statistical relevance was ascertained by P < 0.05 and 
FDR < 0.1. For gene collection enrichment, we imple-
mented the GO annotations from the R package org.
Hs.eg.db and aligned genes to background collections 
using clusterProfiler for enrichment examination.

Gene set enrichment analysis (GSEA) of the data
GSEA scores were sourced from the Broad Institute’s 
database (​h​t​t​p​​:​/​/​​w​w​w​.​​g​s​​e​a​-​​m​s​i​​g​d​b​.​​o​r​​g​/​g​​s​e​a​​/​d​o​w​​n​l​​o​a​d​s​.​j​
s​p). We combined the low and high Immunosenescence 
cohorts and applied GSEA v3.0 to the C2.cp.kegg.v7.4 
gene set. We used GMT subset analysis with parameters 
set for 5000 gene set size, 1000 permutations, and a mini-
mum of 5 genes. Significance was established at P < 0.05 
and FDR < 0.1.

Survival analysis
Cluster associations with overall survival (OS) were 
examined utilizing the R package ‘survival’. Outcomes 
were visualized with heat maps from ‘pheatmap’ and 
Kaplan-Meier (KM) curves from ‘survminer’.

Constructing the lactate-linked risk signature
To avoid overftting, the least absolute shrinkage and 
selection operator (LASSO) was used to select genes with 
high prognostic values. Next, 1000 LASSO iterations 
were performed using the ’glmnet’ package in R to con-
struct the prognostic models and obtain their regression 
coefcients, and the model was optimized through 10-fold 
cross-validation.

Examination of immune landscape between 2 lactate 
subgroups
Each sample’s immune cell score was computed utiliz-
ing the R package IOBR, which applies the Cibersort and 
Estimate algorithms to expression data. IOBR serves as 
a standard computational tool for analyzing immune-
tumor interactions.

Expression verification of LRGs
We examined the mRNA expression differences in PDAC 
tissues utilizing the GEPIA2 platform (​h​t​t​p​​:​/​/​​g​e​p​i​​a​2​​.​c​a​​n​
c​e​​r​p​k​u​​.​c​​n​/​#​i​n​d​e​x), which consolidates information from 
both TCGA and GTEx databases.

Single cell analysis
The LRG expressions within the immune cells were 
examined at the single-cell level using the Tumor 
Immune Single Cell Center (TISCH) database ​(​​​h​t​t​p​:​/​/​t​i​s​
c​h​.​c​o​m​p​-​g​e​n​o​m​i​c​s​​​​​. org/).

Cells and treatments
The pancreatic cancer cell lines Bxpc3 and Capan1 were 
procured from the American Type Culture Collection 
(ATCC, USA). For Capan1 cells, cultivation was per-
formed in Dulbecco’s modified Eagle’s medium (DMEM, 
Cat. C11995500BT, Gibco, USA) enriched with fetal 
bovine serum (FBS, Cat. 10099–141  C, Gibco, USA, 
10%), penicillin (100 U ml− 1), and streptomycin (100 mg 
ml− 1) (Cat. 15140-122, Gibco, USA). For Bxpc3 cells, 
cultivation was conducted in RPMI-1640 (Roswell Park 
Memorial Institute medium 1640, Cat. 11875093, Gibco, 
USA) enriched with FBS (Cat. 10099–141 C, Gibco, USA, 
10%), penicillin (100 U ml− 1), and streptomycin (100 mg 
ml− 1) (Cat. 15140-122, Gibco, USA). Cell cultivation was 
sustained in a moisture-controlled setting at 37  °C with 
5% CO2 utilizing a Thermo Scientific HERACELL 240i 
CO2 Incubator (240i, Thermo Scientific, USA). In sub-
sequent experiments, the cells were counted using a cell 
counter to ensure that the number of cells was accurate, 
three technical replicates were performed per sample to 
ensure accuracy.

qRT-PCR
1 mL of RNAiso Plus reagent (Takara,9109, China) was 
introduced to the cells. Following complete mixing and 
centrifugation, the upper liquid phase was removed. The 
total RNA precipitate underwent purification with 75% 
ethanol solution, subsequently yielding RNAs for reverse 
transcription. The detailed protocol was executed in 
accordance with the guidelines of PrimeScript™ RT Mas-
ter Mix (Takara, RR036A China) and TB Green® Premix 
Ex Taq™ II (Takara, RR820A, China). The annealing tem-
perature of the PCR amplification program is 95° and the 
number of cycles is 40. The real-time PCR analysis was 
conducted following the operational protocols of the 
7500 Real-Time PCR System (Takara, RR820A China). 
The quantification of gene expression at the mRNA level 
was determined using the 2−ΔΔCt methodology, with final 
values standardized against β-actin expression. The MCU 
primer sequences were: ​A​G​G​A​T​C​G​G​G​G​A​A​T​T​G​A​C​A​
G​A​G (F), ​G​T​G​T​G​G​T​G​T​A​T​A​G​T​T​G​C​T​G​G​A​C (R); The 
sequence of β-actin primers: ​C​G​T​G​C​G​T​G​A​C​A​T​T​A​A​G​
G​A​G​A​A (F), ​A​G​G​A​A​G​G​A​A​G​G​C​T​G​G​A​A​G​A​G (R);

Cell transfection
Cells were placed on 6-well plates at 0.8 × 106 cells/well 
and maintained overnight in a 37 °C incubator containing 
5% CO2 until reaching approximately 70% confluence for 

https://www.kegg.jp/kegg/rest/keggapi.html
http://www.gsea-msigdb.org/gsea/downloads.jsp
http://www.gsea-msigdb.org/gsea/downloads.jsp
http://gepia2.cancerpku.cn/#index
http://gepia2.cancerpku.cn/#index
http://tisch.comp-genomics
http://tisch.comp-genomics
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DNA transfection. Per the supplier’s protocols, 2.5  µg/
well plasmid was introduced into the cells using Lipo-
fectamine 3000 (Thermo Fisher Scientific, L3000015; 
USA).

Western blot
The immunoblotting assay was executed per the stan-
dard protocols outlined in earlier studies. In brief, cells 
underwent lysis utilizing Radio Immunoprecipitation 
Assay Lysis buffer (Cat. 87787, Thermo Scientific, USA, 
RIPA) comprising protease (Cat. 04693124001, Roche, 
Switzerland) and phosphatase inhibitors (Cat. B15001-A, 
Bimake, USA) for 30  min on ice. After centrifugation 
(12500 rpm for 15 min at 4 °C), we obtained the superna-
tant. Equal amounts of total proteins were then separated 
through 10% SDS-polyacrylamide gel electrophoresis. 
The protein components were subsequently transferred 
to a polyvinylidene difluoride membrane (0.45 μm, Mil-
lipore, Billerica, MA). Following blockage with 5% BSA 
(Cat. SLBN9354V, Sigma-Aldrich, USA), the membrane 
underwent incubation with primary antibodies target-
ing these proteins at specified dilutions: MCU(1:2000, 
A22525, Abclonal, China), GLUT1 (1:2000, 21829-1-AP, 
proteintech, China), HIF-1  A (1:2000, 9321, GenuIN 
biotech, USA), HK2 (1:5000, 22029-1-AP, proteintech, 
China), LDHA (1:5000, 19987-1-AP, proteintech, China), 
PDK (1:1000, 10026-1-AP, proteintech, China), PFKFB3 
(1:2000, 13763-1-AP, proteintech, China), PKM2 (1:5000, 
60268-1-Ig, proteintech, China), p-PDHA (1:2000, 
29582-1-AP, proteintech, China), β-actin(1:2000, 4967 S, 
Cell Signaling Technology (CST), USA). The samples 
were maintained at 4 °C overnight, followed by treatment 
with a horseradish peroxidase-conjugated goat anti-
rabbit IgG (H + L) antibody. The membranes were then 
exposed to HRP Substrate (Millipore Corporation, Biller-
ica, MA, USA) for visualization, and signal detection was 
accomplished utilizing a Bio-Rad ChemiDoc MP System 
(ChemiDoc MP, Bio-Rad, USA). The Western Blot band 
signal was quantitatively analyzed by ImageJ software. 
First, the background noise was deducted, and then the 
gray value of the target protein was standardized with the 
gray value of β-actin.

Cell proliferation assays in vitro
For the CCK-8 analysis, cells were distributed into 
96-well plates with 2 × 103 cells in each well. After that, 
the Cell Counting Kit-8 (CCK8) solution (DOJINDO, 
CK04, Japan) was introduced, and the microplates were 
kept in darkness for 2  h. The absorbance readings were 
then obtained at 450  nm wavelength. Regarding the 
colony-formation experiment, cells were initially plated 
at 500 cells per well and cultured in a 6-well cell culture 
plate (Corning) for 15 days. The cells were then stabilized 
with 4% paraformaldehyde and colored utilizing 0.2% 

crystal violet (Sigma). Using ImageJ software, we counted 
colonies containing over 50 cells, the threshold is set 
from 0 to155, the particales is set from 50 to 1000.

Sphere formation assay
Cells were grown in DMEM medium containing insu-
lin (4 ng/mL; Sigma), basic fibroblast growth factor (10 
ng/mL; Sigma), EGF (100 ng/mL; Sigma), and B-27 (2%; 
Invitrogen) was undertaken in an ultra-low attachment 
6-well plate (Costar). Renewal of the medium was con-
ducted every 2–3 days. Ten days later, spheroids were 
visualized using a microscope (Nikon).

Migration assay
To evaluate the cell invasion potential, cells in culture 
were diluted to 2 × 105 cells/mL within the serum-free 
medium, and 200 µL of this cellular preparation was 
introduced to the upper portion of the transwell chamber 
(8.0  μm pore size, No. 3422; Corning, USA). The lower 
compartment received 800µL of medium containing 10% 
FBS. Following a twenty‐four hour incubation period, 
cells remaining on the upper surface were carefully elimi-
nated using a cotton swab moistened with ice‐cold PBS. 
Subsequently, cells that had migrated to the basolateral 
membrane were stabilized using 4% PFA (Sigma‐Aldrich) 
for 30  min, succeeded by crystal violet (Sigma‐Aldrich) 
staining conducted over 2 h at ambient temperature.

Invasion assay
Using serum-free medium on ice, the matrix glue was 
diluted at a ratio of about 1:8, added to the upper cham-
ber at a rate of 100µL/ well, spread over the bottom of the 
chamber, and incubated in the cell incubator for 2 h. The 
excess matrix glue liquid in the upper chamber was gen-
tly sucked out, 200µL of cell suspension with serum-free 
medium was added, and 800µL of complete medium was 
introduced to the lower compartment. When returning 
to the chamber, be careful not to generate bubbles. After 
twenty-four hours of cell placement, the cells on the 
upper compartment surface were delicately eliminated 
utilizing a cotton applicator with ice-cold PBS. Cells 
adhering to the basolateral membrane of the compart-
ment insert were subsequently stabilized with 4% PFA 
(Sigma-Aldrich) for 30  min, succeeded by crystal violet 
(Sigma-Aldrich) staining for 2 h at ambient temperature.

Determination of lactic acid content
The lactate concentration was measured using the L-lac-
tate Dehydrogenase Detection Kit (WST-8 Method) 
(Beyotime, P0393S, China) in accordance with the manu-
facturer’s protocol.
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Determination of NAD+, NADH and NAD+/NADH
The NAD+/NADH Detection Kit (WST-8 Method) 
(Beyotime, S0175, China) was used for measurement in 
accordance with the manufacturer’s protocol.

Statistical analyses
Statistical analysis was executed utilizing R (v4.4.1), 
implementing KM survival assessment and the log-rank 
method for survival comparisons. A significance level of 
P < 0.05 was adopted for statistical computations. Graph-
Pad Prism v. 9.01 (GraphPad Software) was employed 
for data analysis. Data normality was assessed using the 
Shapiro-Wilk test (α = 0.05) applied to model residuals. 
Homogeneity of variances across experimental groups 
was verified through Levene’s test (α = 0.05). For datas-
ets violating normality assumptions, appropriate non-
parametric alternatives or data transformations were 
employed. All statistical analyses were conducted using R 
4.3.1, with graphical validation via Q-Q plots and resid-
ual scatterplots. Comparison between the two groups: 
student t test (unpaired, two-tailed) was used. For com-
parisons involving three or more groups: one-way 
ANOVA and Tukey post hoc tests were used to control 
for multiple comparisons. The parameters were assessed 
by the χ2 test or Fisher precision test, and the classifica-
tion parameters were tested using the student t test for 
paired samples. Adjustment of multiple tests: Bonferroni 
correction when appropriate. The homogeneity of vari-
ance was confirmed by Levene test. A p value < 0.05 is 
considered significant, and the significance level is indi-
cated by an asterisk (*:p < 0.05; **:p < 0.01, ***:p < 0.001, 
****:p < 0.0001). The findings are denoted as means ± SEM 
derived from three autonomous experiments, each con-
ducted in duplicate. Each experiment included three 
technical and biological replicates for quantitative assays. 
Data are presented as mean ± SD.

Results
Consensus clustering for lactate subtype identification and 
DEGs pathway analysis
The “limma” program was utilized to detect 1740 DEGs 
between PDAC and normal tissues (Fig.  1A). Subse-
quently, the 30 DEGs with the highest significance of 
differences are shown in Fig.  1B. To obtain hub genes 
in individuals with PDAC, we examined candidates by 
WGCNA analysis. Utilizing the hierarchical clustering 
approach, the co-expressed genes were categorized into 
distinct modules and assigned color codes (Fig. 1C). We 
then investigated the link between modules and individu-
als with PDAC and generated the module-trait heatmap 
using Spearman’s correlation analysis (Fig. 1D). We then 
found 24 intersecting genes (Fig.  1E). The expression 
levels of these 24 LRGs exhibited significant variation 

between the normal tissues and PDAC samples, as illus-
trated in Fig. 1F.

Subsequently, employing consensus clustering, two 
clusters of PDAC associated with lactate were delineated. 
Utilizing the TCGA dataset, these two clusters demon-
strated distinct lactate gene expression profiles follow-
ing k-means clustering analysis, as depicted in Fig. 2A-B. 
The expression of LRGs was low in cluster C1 and high 
in cluster C2 (Fig.  2C). Furthermore, survival analysis 
suggested that these lactate-derived subgroups exhibited 
markedly distinct clinical outcomes. Notably, the C2 sub-
group exhibited a better survival rate compared to the C1 
subgroup, as illustrated in Fig. 2D.

Identifying the DEGs and signal pathways in the various 
lactate subcategories
Within this investigation, essential DEGs and crucial sig-
naling pathways from both classifications were examined 
to elucidate the molecular mechanisms influencing prog-
nosis across the two lactate subgroups. Analysis revealed 
2055 differentially expressed genes (Fig. 3A). These genes 
were found to be enriched in functions of the immune 
system, encompassing cell adhesion molecules (CAMs), 
chemokine signaling pathways, hematopoietic cell lin-
eage, Pancreatic secretion, Th17 cell differentiation, 
extracellular region, immune system process, immune 
response, cell motility, and regulation of immune system 
process, as represented in Fig.  3B-C. The observations 
suggested that genes associated with Lactate demon-
strated connections to the immune microenvironment. 
Comparative analysis between C1 and C2 subcategories 
utilized the GSEA methodology. Through GSEA-KEGG 
analysis, we found that cluster C1 was significantly 
enriched in base excision repair, steroid biosynthesis, and 
terpenoid backbone biosynthesis pathways, while cluster 
C2 showed significant enrichment in autoimmune thy-
roid disease, chemokine signaling pathway, and calcium 
signaling pathway (Fig.  3D). Through GSEA-GO analy-
sis, we demonstrated that cluster C1 was significantly 
enriched in brush border assembly, spindle elongation, 
and positive regulation of spindle assembly, whereas clus-
ter C2 exhibited prominent enrichment in cyclic nucleo-
tide biosynthetic process, phagolysosome assembly, and 
G protein-coupled receptor signaling pathway (Fig. 3E).

Somatic mutations and the TME in diverse 
immunosenescence risk cohorts
The analysis uncovered that unique somatic mutation 
patterns existed between the two subtypes (Fig.  4A). 
The genes exhibiting the highest mutation frequencies 
included KRAS, TP53, SMAD4, CDKN2A, TTN, and 
MUC16. In this analysis, we explored the disparities in 
the TME across two distinct patient cohorts. Figure  4B 
presents a comprehensive overview of the immune cell 
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Fig. 1  Analysis and visualization of differentially expressed genes. (A) Expression patterns of DEGs comparing PDAC versus normal tissues; (B) Leading 30 
DEGs identified between PDAC and control samples. Selection of central genes through WGCNA; (C) Hierarchical clustering tree; (D) Heat visualization of 
module-trait associations; (E) Overlapping analysis depicting shared genes among LRGs, module-specific genes and DEGs; (F) Expression profile matrix 
showing 24 LRGs across PDAC and adjacent normal specimens from the TCGA dataset
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infiltration patterns among 176 PDAC patients, as doc-
umented in the TCGA dataset. Employing the Ciber-
sort algorithm and the lm22 gene signature matrix, we 
assessed the presence of 22 distinct immune cell types in 
each cohort.

Our findings revealed that the C2 cohort demon-
strated superior immune activity, as evidenced by higher 
ImmuneScore, StromalScore, and EstimateScore, indi-
cating a more robust immune response within the TME 
individuals(Fig.  4C). Furthermore, the C1 cohort dis-
played a notable reduction in the prevalence of naive B 
cells, memory B cells, CD8 + T cells, activated CD4 + T 
cell memory, and activated NK cells, as opposed to those 
in the C2 cohort. Conversely, the C1 cohort demon-
strated increased levels of plasma cells, M0 macrophages, 
monocytes and eosinophils (Fig. 4D). These observations 

highlight the complex interactions among immune cell 
dynamics and the risk stratification of PDAC patients.

Establishment and validation of the lactate risk signature
In this study, we have developed an innovative prognos-
tic model predicated on the LRGs. The Lasso regression 
analysis was employed to assess these three LRGs, and 
they were consequently selected to form the predictive 
model, as illustrated in Fig. 5A-B. By setting the lambda 
value at 0.06676, we were able to pinpoint three key 
genes. The predictive model is encapsulated in the fol-
lowing formula: Riskscore = (0.00199 * NQO1) - (0.09731 
* STAT4) + (0.15009 * KCNK1) + (0.05063 * MCU).

Utilizing the median risk score, we categorized our 
study population into a high-risk cohort (H) and a low-
risk cohort (L). We utilized the TCGA dataset as our 

Fig. 2  Identification of Lactate-associated subgroups through consensus clustering. (A)The delta area curve for consensus clustering illustrates the com-
parative differences in the area beneath the cumulative distribution function (CDF) curve for k values ranging from 2 to 10; (B) The consensus pattern of 
the clustering examination utilizing k-means clustering (k = 2); (C) The expression patterns of 24 LRGs are displayed in the heatmap visualization; (D) KM 
plots showing patient OS between the C1 and C2 subgroups
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training cohort and the GSE62452 dataset as the valida-
tion cohort. Furthermore, the connection between the 
two cohorts and OS status was evaluated. The findings 
revealed that a markedly lower proportion of patients in 
the H cohort survived in the TCGA dataset, with a more 
pronounced effect in the H cohort (Fig. 5C). The KM sur-
vival assessment corroborated that individuals in the H 
cohort experienced shorter survival times compared to 

those in the L cohort, as evidenced in both two cohorts 
(Fig.  5D and F). In the training cohort, the receiver 
operating characteristic (ROC) curves were developed 
with area under the curve (AUC) values of 0.56 for the 
1-year survival, 0.58 for the 3-year survival, and 0.64 for 
the 5-year survival (Fig.  5E). Similarly, in the validation 
cohort, the ROC curves were generated with AUC values 

Fig. 3  Identification of DEGs and related signaling pathways. (A) DEG distribution between C1 and C2 subgroups within TCGA dataset; (B-C) Pathway 
enrichment analyses using KEGG and GO. (D-E) GSEA identifies key signal pathways present in both subcategories
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Fig. 4  Immunological characteristics of distinct Lactate subcategories. (A) Assessment of somatic mutation patterns among Lactate classifications. (B) 
Comparative distribution of immune cell infiltration; (C) Stromal, Immune, and Estimate scores for two subcategories (Independent t-test); (D) Notable 
disparities in immune cell infiltration between subcategories (Independent t-test). (* P<0.05;** P<0.01;*** P<0.001;****P<0.0001)
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Fig. 5  Constructing and confirming the Lactate risk profile. (A-B) Lasso Cox regression evaluation; (C) Score allocation of SFRGs and patient outcome 
patterns in the TCGA dataset. (D-E) KM analysis and temporal ROC curve evaluation for risk stratification in the TCGA dataset. (F-G) Kaplan-Meier analysis 
and temporal ROC curve evaluation for risk stratification in the GSE62452 dataset
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of 0.64 for the 1-year survival, 0.65 for the 3-year sur-
vival, and 0.84 for the 5-year survival (Fig. 5G).

Single cell analysis of LRGs
In our current research, We identified four LRGs asso-
ciated with PDAC (KCNK1, MCU, NQO1 and STAT4). 
To delve deeper into the interplay between these LRG 
expressions and the tumor immune landscape, we uti-
lized the TISCH. We analyzed 2 datasets that were 
PDAC_CRA001160 dataset and the PDAC_GSE162708 
dataset (Fig. 6A-B). Within the PDAC_CRA001160 data-
set, elevated levels of KCNK1 and MCU were observed 
in Malignant cells, while NQO1 showed high expres-
sion in both Malignant and Endothelial cells, and STAT4 
exhibited strong expression in Plasma cells (Fig.  6C-F). 
Correspondingly, in the PDAC_GSE162708 dataset, 
KCNK1 demonstrated notable expression in Malignant 
cells, MCU displayed high levels in both Malignant and 
Endothelial cells, NQO1 displayed elevated expression in 
Endothelial cells, and STAT4 exhibited marked expres-
sion in NK cells and CD8 T cells as depicted in Fig. 6G-J.

Expression and prognosis of LRGs
To find the expression of these four LRGs in PDAC, we 
performed a search using GEPIA2.0. It was found that 
KCNK1, MCU, and NQO1 showed high expression in 
tumor tissues. Moreover, elevated MCU levels were nota-
bly linked to unfavorable clinical outcomes (Fig. 7A-H).

Multilevel expression validation and in vitro functional 
investigation of MCU
Given the high expression of MCU in pancreatic cancer 
patients and its prognostic relevance, we selected MCU 
for subsequent biological experiments. In order to verify 
the biological function of MCU, we conducted qRT-PCR 
(Fig.  8A) and WB (Fig.  8B) in whole pancreatic can-
cer cell lines and normal pancreatic epithelial cells and 
found that MCU was generally highly expressed in pan-
creatic cancer cell lines, especially in Bxpc3 and Capan1 
cells. By verifying the knockdown efficiency of plasmids, 
it was found that sh1 and sh4 had the best knockdown 
effect (Fig.  8C-D). Therefore, we chose to use sh1 and 
sh4 plasmosomes to knock down MCU genes in Bxpc3 
and Capan1 cells to observe whether altering MCU 
expression would affect the malignant potential of tumor 
cells. Colony-formation assay (Fig.  8E-F) and CCK8 
experiments (Fig.  8G) revealed that MCU gene silenc-
ing resulted in decreased proliferation rates of pancreatic 
cancer cells, suggesting the MCU gene’s role in enhanc-
ing pancreatic cancer cell proliferation. The impact of 
MCU suppression on cellular motility (Fig.  8H-I) and 
invasiveness (Fig.  8J-K) was evaluated using transwell 
assays, demonstrating reduced migration and invasion 
capabilities. Furthermore, the sphere-formation assay 

(Fig. 8L) examined how MCU downregulation influenced 
pancreatic cancer stemness, revealing diminished stem 
cell properties following reduced MCU expression. These 
experimental observations provide substantial evidence 
that MCU enhances pancreatic cancer cell prolifera-
tion, motility, invasiveness, and stemness characteristics, 
thereby contributing to the aggressive nature of pancre-
atic cancer. To further explore the metabolic implications 
of MCU in pancreatic cancer progression, we performed 
lactate quantification and NAD+/NADH ratio analysis 
in MCU-knockdown cells. Strikingly, both Bxpc3 and 
Capan1 cells with MCU silencing (sh1/sh4) exhibited sig-
nificantly reduced intracellular lactate levels compared to 
NC controls (Supplementary Figure C), accompanied by 
a marked elevation in the NAD+/NADH ratio (Supple-
mentary Figure A-B), indicative of attenuated glycolytic 
flux. Consistent with these findings, western blot analy-
sis revealed downregulation of key glycolytic regulators 
(HK2, LDHA, and PDK1) upon MCU depletion (Supple-
mentary Figure D-E). These data collectively demonstrate 
that MCU sustains the Warburg effect by promoting gly-
colysis-driven lactate production, while its suppression 
shifts cellular redox balance toward a more oxidized state 
(elevated NAD+/NADH). This metabolic reprogram-
ming mechanism may underlie the observed impair-
ment in proliferation, motility, and stemness properties, 
as tumor cells critically depend on glycolytic metabolism 
to fuel their aggressive phenotypes. Our findings thereby 
establish a novel functional link between MCU and can-
cer-associated metabolic reprogramming in pancreatic 
malignancy.

Discussion
PDAC is recognized as one of the most aggressive malig-
nancies. It is characterized by early metastasis and late 
diagnosis, often presenting at advanced stages with lim-
ited treatment options [1]. Despite advancements in 
therapeutic strategies, including surgical resection, che-
motherapy, and targeted therapies, the aggregate 5-year 
survival outcome remains unfavorable, primarily due to 
the high degree of chemoresistance and early metastatic 
spread inherent to PDAC [3, 4]. A significant bottleneck 
in enhancing patient results is the absence of effective 
predictive biomarkers that can guide treatment strate-
gies and prognostication. Identifying such biomarkers is 
imperative, as they could potentially stratify patients for 
more tailored therapies, predict treatment response, and 
provide a valuable understanding of the intricate interac-
tions between the TME and PDAC progression [15]. The 
advancement of computational biology software and the 
amalgamation of diverse -omics datasets have paved the 
way for identifying innovative biological indicators [16]. 
These advances are critical in the quest to understand 
the molecular underpinnings of PDAC and to identify 
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Fig. 6  Single cell analysis of LRGs in PDAC. (A-J) Cellular-level mapping unveiled the allocation of KCNK1, MCU, NQO1 and STAT4 across diverse immune 
cell populations in PDAC_CRA001160 and PDAC_GSE162708
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Fig. 7  The prognostic value and expression of LRGs. (A-H) Differential analysis of mRNA expression of KCNK1, MCU, NQO1 and STAT4 in PDAC in GEPIA2.0 
database (Independent t-test). Kaplan–Meier curve for OS between the high and low expression cohort in PDAC in TCGA database (log-rank test).(* 
P<0.05)
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Fig. 8 (See legend on next page.)
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signatures that can predict treatment efficacy and patient 
survival [17].

The complexity of PDAC is further compounded by its 
intricate relationship with the immune system, where the 
TME can modulate immune responses to facilitate tumor 
growth and evade therapeutic interventions [5]. Lactate 
once considered a mere byproduct of glycolysis, is now 
recognized as a key mediator in cancer biology, particu-
larly in PDAC, where it contributes to an acidic TME that 
impairs immune cell function and promotes macrophage 
polarization towards an immunosuppressive phenotype. 
Additionally, lactate acts as a signaling molecule, influ-
encing pathways like GPR81 to modulate immune eva-
sion and tumor growth, and it affects tumor angiogenesis 
by stabilizing HIFs [6–10]. The study of lactate in PDAC 
is of significant value as it provides a deeper understand-
ing of the metabolic reprogramming that occurs in can-
cer cells. By elucidating the mechanisms through which 
lactate contributes to tumor progression, researchers can 
identify potential therapeutic targets that disrupt these 
processes. For instance, targeting lactate production or 
its signaling pathways could enhance the efficacy of exist-
ing cancer therapies by restoring immune surveillance 
and inhibiting tumor growth [18]. Moreover, elucidat-
ing the function of lactate in PDAC may contribute to 
establishing enhanced diagnostic methods and predictive 
indicators, enabling timely identification and improved 
treatment strategies for this condition [19].

Our study identifies two distinct lactate-associated sub-
types of PDAC, characterized by unique gene expression 
profiles and divergent clinical outcomes. The creation of 
a risk signature model utilizing LRGs, particularly high-
lighting the involvement of KCNK1, NQO1, STAT4 and 
MCU, offers a novel prognostic tool for PDAC patients. 
The high-risk cohort, as determined by the risk score, is 
linked to poorer survival rates, indicating the potential 
utility of this model in stratifying patients for more treat-
ment approaches.

Prior studies have highlighted that KCNK1 is instru-
mental in driving the malignancy of tumor cells, par-
ticularly in terms of influencing the cell cycle and the 
aggressive growth and spread of cancer cells. KCNK1 is 
highly expressed in thyroid cancer, breast cancer (BRCA), 
non-functioning pituitary adenoma, PDAC and bladder 
cancer [20–24]. NQO1 is a two-electron reductase that is 

highly active in the pro-oxidative milieu of human malig-
nancies, which makes it a selective marker for tumors 
[25]. The STAT4 gene, belonging to the STAT family, 
exhibits significant genetic variations that profoundly 
impact immune reactions and the progression of ill-
nesses, particularly in the realms of cancer and autoim-
mune disorders. However, research outcomes display 
variability when examined across different studies and 
demographic groups [26–29]. MCU serves a critical 
function in cancer progression. It’s upregulated in meta-
static tumors, enhancing cellular movement and invasion 
through a ROS/HIF-1α molecular cascade. However, its 
effects vary across different cancer types and cell lines 
[30–32].In BRCA, particularly the triple-negative sub-
type, MCU expression links to tumor size and lymph 
node infiltration, and its downregulation reduces tumor 
size and cell motility in xenograft models [30]. In mela-
noma, MCU silencing suppresses cell proliferation 
while enhancing migratory and invasive capabilities, 
diminishing responsiveness to immune-based thera-
pies [31]. In pancreatic cancer, MCU inhibition reduces 
HINT2-dependent apoptosis [33], MCU also drives the 
transfer and metabolic recovery of PDAC through a 
cysteine-dependent mechanism [34]. In colon cancer, 
miRNA-25 overexpression decreases mtCa2 + uptake 
and shows increased expression in human colon malig-
nancies where MCU levels are diminished [35]. In hepa-
tocellular carcinoma, MCU upregulation is associated 
with poor survival and metastasis, and its increase pro-
motes ROS production and cell motility [36]. In ovarian 
cancer, MCU silencing diminishes cell proliferation and 
migration, which is linked to decreased ROS production 
[37]. In renal cell carcinoma, MCU expression reduction 
leads to decreased cell migration and metastatic poten-
tial [38]. Fibroblast cell transformation is associated with 
upregulation of MCU expression that results in altered 
mitochondrial Ca2+ uptake kinetics and suppression of 
inactivating-phosphorylation of PDH that was neverthe-
less not associated with enhanced pyruvate metabolism 
through PDH or OCR. Rather, transformation was asso-
ciated with enhanced aerobic glycolysis and anaplerotic 
glutamine and glucose metabolism [39]. These studies 
highlight the diverse effects of MCU modulation in dif-
ferent cancers. In this study, we have validated that MCU 
promotes the proliferation, migration, invasion, and 

(See figure on previous page.)
Fig. 8  Verification of MCU biological function. (A) qRT-PCR: Examining MCU expression patterns between pancreatic cancer cell lines and normal pancre-
atic epithelial cells (Kruskal-Wallis test); (B) WB: To verify the expression level of MCU and the quantitation of WB in pancreatic cancer cell lines and normal 
pancreatic epithelial cells (Kruskal-Wallis test); (C) WB: Knock-down efficiency of plasmid in Capan1 and Bxpc3 cells; (D) Knock-down quantification of WB 
to verify inefficiency (Kruskal-Wallis test); (E) Colony-formation assay after reducing MCU level in Capan1 and Bxpc3 cells; (F) Colony-formation assay quan-
tification (Kruskal-Wallis test and Mann-Whitney U test, and Bonferroni); (G) CCK8 experiments after decreasing MCU level in Capan1 and Bxpc3 cells (One-
way ANOVA and Dunnett test); (H) Transwell migration assay after decreasing MCU level in Capan1 and Bxpc3 cells; (I) Quantification of migration assay 
(One-way ANOVA and Dunnett test); (J) Transwell invasion assay after decreasing MCU expression in Capan1 and Bxpc3 cells; (K) Quantification of invasion 
assay (One-way ANOVA and Dunnett test); (L) Sphere-formation assay after reducing MCU expression in Capan1 and Bxpc3 cells (Kruskal-Wallis test and 
Mann-Whitney U test, and Bonferroni). (M) Quantitative and statistical analysis of Sphere-formation assay. (* P<0.05;** P<0.01;*** P<0.001;****P<0.0001)
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stemness of tumor cells in pancreatic cancer, thereby 
confirming the malignant potential of the MCU gene 
in this disease. Meanwhile, it has also been proved that 
MCU can promote the process of lactic acid generation 
and glycolysis. This indicates that MCU might serve as 
a crucial factor in the immune regulation and malignant 
advancement of PDAC. The clinical application value of 
MCU in PDAC lies in its potential as a therapeutic target 
and a biomarker for prognosis and response to therapy.

Clinical strategies targeting mitochondrial calcium 
unidirectional transporters (MCU) mainly include 
small molecule inhibitors (such as the natural drug ber-
berine), gene editing technology and precise delivery 
systems. Berberine inhibits calcium overload by block-
ing the MCu-emre complex and shows cardiac protec-
tive effects in myocardial ischemia models [40]. Due to 
its high safety and strong penetration, it has become 
the first candidate drug expected to enter clinical trials. 
However, traditional inhibitors (such as ruthenium red) 
are still limited to basic research due to toxicity issues. 
Gene editing techniques have been confirmed to regulate 
neuronal excitability in epilepsy models, suggesting their 
potential in neurological diseases [41]. Current research 
focuses on optimizing the pharmacokinetic properties of 
berberine and developing targeted delivery systems (such 
as nanoparticles) to enhance tissue specificity. However, 
MCU-targeted therapy still faces significant limitations: 
It is widely involved in normal metabolism, and long-
term inhibition may cause mitochondrial dysfunction; 
The mechanism of action of MCU in different diseases 
is heterogeneous; In addition, the risk of drug resis-
tance and the selection of indications need to be further 
verified. In the future, AI drug design and multi-model 
validation need to be combined to promote its clinical 
transformation.

The use of data from TCGA and GEO databases pro-
vided a robust foundation for our analysis. The applica-
tion of WGCNA and consensus clustering allowed us 
to delineate distinct lactate subtypes, each with unique 
gene expression profiles and clinical implications. This 
methodological approach enabled us to identify differ-
entially expressed genes and construct a lactate-linked 
risk signature with significant prognostic value. How-
ever, it is important to acknowledge the limitations 
of our study. The reliance on existing databases intro-
duces inherent biases, including (1) patient heterogene-
ity arising from variations in age, ethnicity, and disease 
stage across collection sites, and (2) technical biases 
from differing sequencing platforms (e.g., RNA-seq vs. 
microarray) and batch effects that may confound cross-
dataset comparisons. Additionally, while our in vitro 
experiments provided valuable insights into the func-
tion of MCU in PDAC cells, further validation through 
complementary approaches would strengthen these 

findings. Patient-derived organoid models could bet-
ter recapitulate tumor microenvironment interactions, 
while CRISPR-based functional screens might systemati-
cally identify co-dependent pathways in MCU-mediated 
PDAC progression. Prospective validation in multicenter 
clinical cohorts and spatial transcriptomics analysis 
could further confirm the clinical translatability of our 
risk signature.

The identification of two lactate subtypes with dis-
tinct clinical outcomes highlights the potential for per-
sonalized treatment strategies in PDAC. While existing 
classification models (e.g., Collisson molecular subtypes 
or Moffitt stromal subtypes) [42, 43] primarily focus on 
tumor differentiation or microenvironment features, our 
lactate-centric stratification uniquely captures meta-
bolic reprogramming dynamics that complement current 
frameworks by identifying druggable vulnerabilities in 
energy metabolism pathways. Recent studies reveal that 
lactate accumulation in PDAC not only drives histone 
lactylation (e.g., H3K18la) to promote cell cycle progres-
sion genes (TTK and BUB1B) through a glycolysis-lac-
tylation positive feedback loop [44], but also enhances 
chemotherapy resistance by upregulating DNA synthesis 
via the oxidative pentose phosphate pathway. Specifically, 
glycolytic flux through the GLUT1/ALDOB/G6PD axis 
in glucometabolic PDAC subtypes increases nucleotide 
precursor production [45] enabling tumor cells to coun-
teract DNA damage induced by chemotherapy agents. 
Building upon these metabolic dependencies, the four 
lactate-related genes (LRGs) in our signature were identi-
fied as critical regulators of the glycolysis-lactylation axis, 
whose coordinated expression patterns stratify patients 
based on their capacity to sustain chemoresistance-sup-
porting nucleotide biosynthesis and cell cycle progres-
sion. The risk signature we developed, comprising four 
LRGs, offers a novel tool for prognostic assessment. This 
signature could be used to stratify patients into differ-
ent risk groups, potentially guiding treatment decisions 
and improving patient outcomes. Specifically, high-risk 
patients exhibiting MCU-driven metabolic profiles might 
benefit from early intensification of therapy (e.g., modi-
fied FOLFIRINOX regimens) combined with mitochon-
drial calcium modulation, whereas low-risk subtypes 
could avoid overtreatment through de-escalation strate-
gies. The role of MCU in PDAC malignancy, confirmed 
through our in vitro experiments, presents a promis-
ing therapeutic target. Future research should focus on 
validating these findings in larger cohorts and exploring 
the potential of targeting MCU and other LRGs in clini-
cal trials. Integrating lactate subtype classification with 
emerging therapeutic algorithms (e.g., PARP inhibi-
tor sensitivity predictors or immunotherapy response 
biomarkers) may further refine PDAC precision medi-
cine paradigms. Notably, combining lactate-targeting 
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approaches (e.g., LDHA inhibitors) with ERK pathway 
blockers may overcome adaptive resistance mechanisms 
triggered by metabolic stress, as demonstrated in gluta-
mine antagonism studies. Additionally, investigating the 
interplay between lactate metabolism, protein lactylation, 
and the immune response in PDAC could reveal new 
therapeutic avenues and biomarkers for early detection 
and treatment.

Conclusion
The research conducted on lactate-related genes (LRGs) 
in pancreatic ductal adenocarcinoma (PDAC) has shed 
light on their potential impact on tumor development, 
particularly through their influence on the tumor micro-
environment and immune evasion mechanisms. The 
findings presented in this study have revealed the exis-
tence of distinct lactate subtypes in PDAC, each associ-
ated with unique gene expression patterns and clinical 
outcomes. Through the development of a predictive risk 
signature comprised of four LRGs, this investigation has 
not only provided valuable insights into the prognos-
tic implications of lactate metabolism in PDAC but has 
also identified potential therapeutic targets for interven-
tion. Additionally, the functional validation of the mito-
chondrial calcium uniporter (MCU) in PDAC cells has 
further emphasized the significance of LRGs in driving 
the malignancy of this aggressive cancer type. Overall, 
this study underscores the critical role of LRGs in PDAC 
pathogenesis and highlights the potential for novel prog-
nostic tools and targeted therapies in the management of 
pancreatic cancer.
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