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Lung adenocarcinoma (LUAD) is the most common subtype of lung cancer worldwide, in which 
fatty acid metabolism plays a key role in tumor growth, metastasis, and immune evasion. PPIA has 
been confirmed to be closely related to tumor metabolism and immune regulation, but its specific 
mechanism of action is still unclear. Multi-omics data from TCGA and GEO, combined with single-cell 
RNA sequencing (scRNA-seq), were used to characterize metabolic heterogeneity and the immune 
microenvironment in lung adenocarcinoma (LUAD). Fatty acid metabolism–related genes were 
identified via WGCNA and univariate Cox regression, and a prognostic risk model was constructed. 
Virtual knockout, cell function assays, and metabolic profiling were performed to investigate the 
role of PPIA in metabolic reprogramming and tumor progression. In vitro, PPIA was silenced using 
siRNA or co-overexpressed with pCMV-C-Myc in A549 and H1975 cells. Functional validation included 
qRT-PCR and Western blotting, as well as CCK-8, colony formation, wound healing, and Transwell 
assays to assess proliferation, migration, and invasion. Metabolic assays measured glutamine uptake, 
α-ketoglutarate production, free fatty acid levels, and the GSH/GSSG ratio, elucidating PPIA’s 
regulatory effects on metabolism and LUAD progression. Integrative multi-omics analysis identified 
a fatty acid metabolism–related gene module associated with poor prognosis in LUAD. A four-gene 
risk model (ERCC1, KYNU, AKR1A1, and PPIA) demonstrated strong predictive power for overall 
survival across multiple datasets. Single-cell analysis revealed that PPIA was highly expressed in 
malignant, metabolically active cell populations and strongly correlated with fatty acid and glutamine 
metabolism. Functional assays confirmed that PPIA silencing inhibited LUAD cell proliferation, 
migration, and EMT, while reducing key metabolites including glutamine uptake, α-ketoglutarate, 
free fatty acids, and the GSH/GSSG ratio. Mechanistically, PPIA depletion downregulated c-Myc 
expression, whereas c-Myc overexpression partially reversed these effects, suggesting that PPIA drives 
LUAD progression through the c-Myc–mediated fatty acid–glutamine metabolic axis. This study reveals 
that PPIA promotes the malignant progression of LUAD and affects the immune microenvironment 
by regulating the c-Myc-mediated fatty acid-glutamine metabolism network remodeling. A prognosis 
model based on fatty acid metabolism can serve as an effective tool for assessing the prognosis of 
LUAD patients. Due to incomplete clinical information in some datasets, comprehensive subgroup 
analyses could not be performed.
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Lung adenocarcinoma (LUAD), the predominant histological subtype of non-small cell lung cancer (NSCLC), 
accounts for 40 ~ 50% of global lung cancer cases and exhibits rising incidence and mortality trends1. 
Compounding this challenge, lung adenocarcinoma (LUAD) demonstrates highly aggressive metastatic behavior 
and is linked to unfavorable clinical outcomes due to its intricate molecular heterogeneity and frequent late-stage 
diagnosis2.

In recent years, metabolic reprogramming within the tumor microenvironment (TME) has been increasingly 
recognized as a key driver of cancer progression. Faced with nutrient deprivation and hypoxic conditions, 
cancer cells reprogram their metabolism to rapidly acquire energy and biosynthetic precursors necessary for 
sustaining malignant proliferation3. This metabolic shift not only directly influences the metabolic state and 
functional differentiation of immune cells4, but also contributes to the formation of an immunosuppressive 
microenvironment by modulating tumor-derived metabolites such as lactate and reactive oxygen species, thereby 
facilitating immune evasion5. Accumulating evidence indicates that aberrant glucose, amino acid, and lipid 
metabolism are closely associated with tumor aggressiveness and therapeutic resistance6–8. Among these, lipid 
metabolism—particularly fatty acid metabolism—has emerged as a critical pathway regulating tumor growth, 
metastasis, and immune responses9. Tumor cells enhance fatty acid synthesis by upregulating key enzymes such 
as fatty acid synthase (FASN), supporting membrane integrity and energy storage. Concurrently, immune cells 
undergo metabolic adaptations, including increased fatty acid oxidation, to enable functional differentiation, 
collectively shaping tumor immunogenicity and response to therapy10.

Notably, glutathione metabolism, an essential antioxidant and metabolic regulatory pathway, exhibits 
significant crosstalk with fatty acid metabolism. Glutathione (GSH) not only scavenges reactive oxygen species 
(ROS) to protect tumor cells from oxidative stress, but also enhances their metabolic flexibility by regulating 
the expression of fatty acid metabolism-related genes, such as FASN and SCD111. Furthermore, α-ketoglutarate 
(α-KG), a central intermediate of the tricarboxylic acid (TCA) cycle, can promote tumor progression through 
its influence on epigenetic modifications, such as DNA demethylation, when its metabolism is dysregulated, and 
contribute to the aberrant activation of the metabolic-immune axis12. As a key regulator of cellular metabolism 
and proliferation, c-Myc drives tumor cells into a hypermetabolic state by activating fatty acid biosynthesis 
pathways and suppressing oxidative phosphorylation, while simultaneously impairing anti-tumor immune 
function through metabolite deprivation13.

Peptidylprolyl isomerase A (PPIA), a member of the peptidylprolyl isomerase (PPIase) family, is a highly 
conserved protein-folding chaperone14–16. With a molecular weight of approximately 18 kDa, PPIA is 
predominantly cytoplasmic and catalyzes the cis-trans isomerization of proline residues, thereby facilitating 
protein folding, assembly, and stability17–19. Its catalytic activity relies on a hydrophobic pocket at the active site, 
which binds specific peptide substrates and accelerates protein conformational changes20,21. Recent studies have 
shown that loss of PPIA suppresses the expression of SLC1A5, a key enzyme in glutamine metabolism, disrupts 
NRF2-mediated metabolic adaptation, and inhibits tumor growth22.

In this study, we focused on lung adenocarcinoma (LUAD), integrating multi-omics datasets with 
metabolomic profiling to systematically elucidate the role of metabolic dysregulation in tumor progression 
and immune evasion. By constructing a prognostic model based on fatty acid metabolism-associated genes, we 
identified PPIA as a key molecule and explored its potential role in modulating tumor behavior and therapeutic 
response via the metabolic-immune network. These findings not only provide new insights for molecular 
subtyping and prognostic assessment in LUAD but also offer a rationale for the clinical translation of metabolic-
targeted therapies in combination with immune checkpoint inhibitors.

Materials and methods
Data collection
This study obtained comprehensive multi-omics data for lung adenocarcinoma (LUAD) from the TCGA (The 
Cancer Genome Atlas) and GEO (Gene Expression Omnibus) databases, which included gene expression profiles, 
single-cell sequencing data, and detailed clinical and pathological information. Specifically, the TCGA database 
provides RNA sequencing (RNA-seq) data from 480 LUAD tumor samples and 53 paired normal lung tissue 
samples. The GEO database includes two bulk transcriptome datasets (GSE11969, n = 54; GSE68465, n = 63) and 
a single-cell RNA sequencing dataset (GSE150938, n = 4,081 cells). To systematically analyze genes involved in 
fatty acid metabolism, this study obtained three authoritative gene sets from the Molecular Signatures Database 
v7.2 (MSigDB): the KEGG fatty acid metabolism pathway, the Reactome fatty acid metabolism gene set, and 
the Hallmark fatty acid metabolism gene set, ultimately identifying 309 genes closely associated with fatty acid 
metabolism.
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Single-cell RNA sequencing data processing and cell annotation
The processing of single-cell RNA sequencing (scRNA-seq) data and cell annotation was performed according to 
established protocols. The “Seurat” package was utilized for normalization and quality control of the GSE150938 
single-cell data. Specifically, genes expressed in fewer than three cells, cells with fewer than 200 or more than 
10,000 genes, and cells with mitochondrial gene expression exceeding 20% were excluded, ensuring the retention 
of high-quality cell populations. After rigorous filtering, 39,550 cells were retained for further in-depth analysis.

To correct for technical biases, linear regression models and log normalization techniques were applied. The 
“FindVariableFeatures” function was used to identify the 2,000 most variable genes, which helped capture the 
primary sources of intercellular heterogeneity. To address potential batch effects, the “RunHarmony” algorithm 
was employed to integrate and correct the data, effectively eliminating the influence of experimental batches on 
subsequent analyses. Principal component analysis (PCA) was conducted to reduce the dimensionality of the 
data, and the relevant components for further analysis were identified. Subsequently, t-distributed stochastic 
neighbor embedding (t-SNE) was performed for nonlinear dimensionality reduction of the first 20 principal 
components, revealing distinct clustering patterns among the cell populations. Using the “FindNeighbors” 
and “FindClusters” functions (with a resolution setting of 0.8), 16 distinct cell clusters were identified and 
visualized, reflecting the heterogeneity of the LUAD microenvironment at the single-cell level. Differentially 
expressed genes (DEGs) within each cluster were identified using the “FindAllMarkers” function in “Seurat,” 
with criteria of min.pct > 0.25, log2(foldchange) > 0.25, and two-sided testing (only.pos = TRUE) to ensure the 
reliability of the results. Finally, the “SingleR” package was used for accurate cell cluster annotation, revealing the 
biological characteristics and functions of different cell types, which provided important insights into the LUAD 
microenvironment.

AUCell
The AUCell R package was used to quantify the activity levels of specific gene sets within individual cells, 
providing a quantitative tool for assessing the activity of metabolic pathways at the cellular level. This method 
ranks the genes according to their expression levels based on the area under the curve (AUC) value for model 
genes, where the AUC value reflects the proportion of cells with high expression of the specific gene sets. 
Specifically, gene set activity is calculated by evaluating the relative expression levels of each gene within the cell, 
which is then used to derive an overall activity score for the gene set. A higher score indicates greater activity of 
the gene set within the cell.

To accurately identify active cell populations, this study used the “AUCell explore Thresholds” function to 
determine the optimal threshold for gene set activity. This function automatically calculates the best threshold 
based on the distribution of AUC values, ensuring the objectivity and accuracy of active cell identification. Cells 
with higher AUC values demonstrate more active expression of gene sets, indicating that specific metabolic 
pathways are more active in these cells. To visually display the spatial distribution of gene set activity within the 
cells, this study utilized the “ggplot2” R package to map the AUC scores to the two-dimensional space obtained 
through t-SNE dimensionality reduction. The resulting density plots and heatmaps effectively visualized active 
cell clusters. The process involved associating the AUC score of each cell with its two-dimensional coordinates 
after t-SNE reduction, followed by generating a scatter plot with a color gradient representing the level of gene 
set activity.

Single-Sample gene set enrichment analysis (ssGSEA) and weighted gene Co-expression 
network analysis (WGCNA)
In this study, the single-sample gene set enrichment analysis (ssGSEA) method was used to systematically 
calculate the enrichment score for specific gene sets in each sample. Specifically, to evaluate the overall 
activity of fatty acid metabolism in LUAD, ssGSEA was applied to the TCGA-LUAD dataset to compute the 
fatty acid metabolism enrichment score for each sample. This score reflects the combined expression levels of 
fatty acid metabolism-related genes in the sample, providing a quantitative metric for the tumor’s metabolic 
characteristics. Weighted Gene Co-expression Network Analysis (WGCNA) was used to construct a scale-free 
co-expression network, revealing the systematic co-expression relationships between genes. During the analysis, 
an appropriate soft threshold (soft-thresholding power = 5) was selected to optimize network construction, 
ensuring that the network’s topological structure approximated a scale-free distribution, which is crucial for 
the network’s modularity analysis reliability. An adjacency matrix was then constructed based on the Pearson 
correlation coefficient, which was further transformed into a Topological Overlap Matrix (TOM), with the 
corresponding dissimilarity matrix (1-TOM) calculated. In this network, nodes represent individual genes, and 
edge weights indicate the strength of the co-expression relationships between genes. To effectively identify gene 
co-expression modules, hierarchical clustering was performed on the TOM matrix, with a minimum module 
size set to 30 genes. Similar modules were merged using a cutting height parameter (abline = 0.25). As a result, 
15 co-expression modules were identified. The gray module included genes that could not be classified into other 
modules and was treated separately for further analysis. By calculating the dissimilarity of module characteristic 
genes and performing hierarchical clustering, a comprehensive gene co-expression network was successfully 
constructed, providing a methodological foundation for identifying core modules significantly related to fatty 
acid metabolism. The study found that one of these modules showed a significant correlation with fatty acid 
metabolism pathways. This module was selected for further functional validation and mechanistic exploration, 
offering a new perspective for understanding the role of fatty acid metabolism in LUAD.

Construction and validation of the risk score model
In this study, based on the results of WGCNA, differentially expressed genes significantly associated with fatty 
acid metabolism were selected as candidate prognostic factors. First, univariate Cox proportional hazards 
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regression analysis (P < 0.05) was employed to identify genes that were significantly associated with patient 
prognosis from the candidate genes. Subsequently, Lasso regression was performed to further refine the model 
and reduce the risk of overfitting. Finally, a prognostic risk score model for LUAD was constructed using a 
multivariate Cox proportional hazards regression model. The TCGA-LUAD dataset was used as the training 
set for model development, while the GEO datasets (GSE11969 and GSE68465) were used as independent 
validation sets to evaluate model performance. Patients were classified into high-risk and low-risk groups based 
on the median risk score. Kaplan-Meier survival analysis was conducted to compare the overall survival between 
the two groups, and the model’s predictive performance was assessed using the receiver operating characteristic 
(ROC) curve. To further validate the model’s generalizability, the same analysis process was repeated in two 
independent GEO datasets, yielding consistent prognostic discrimination ability and confirming that the risk 
score model can serve as an effective tool for prognostic evaluation in LUAD patients.

Model evaluation
To enhance the clinical applicability of the prognostic model, this study integrated clinical pathological 
parameters (such as age, sex, and tumor stage) with the risk score to construct a comprehensive prognostic 
model. Visualization was performed using the “regplot” R package, and calibration curves were employed to 
assess the consistency between predicted probabilities and observed outcomes. ROC curve analysis was used 
to evaluate the model’s predictive performance at different time points. Additionally, decision curve analysis 
(DCA) was conducted to assess the net clinical benefit of the nomogram in decision-making.

scRNA-seq metabolic analysis and virtual knockout
In the scRNA-seq data, patients were categorized into high-expression and low-expression groups based on the 
median expression level of PPIA. The “scMetabolism” package was used to identify and analyze the metabolic 
pathway enrichment in the high-expression and low-expression groups of PPIA within single cells, further 
exploring the metabolic levels across different subpopulations. The scMetabolism package utilizes known 
metabolic pathway databases, such as KEGG and Reactome, to compute scores for various metabolic pathways 
using methods like ssGSEA and AUCell.

This study employed the scTenifoldKnk package for virtual gene knockout functional prediction23. This 
tool constructs a gene regulatory network and simulates network alterations following PPIA gene knockout, 
identifying affected genes and inferring the potential functions of target genes. The analysis includes three core 
modules: network construction, virtual knockout, and manifold alignment. The aim of the virtual knockout is 
to identify genes whose regulation is altered, which are then used to infer the functional roles of target genes 
within cells.

Biological function of PPIA in RNA-seq
The TIMER database was queried for the expression of PPIA across various cancer types. Based on the expression 
levels of PPIA, patients were divided into high-expression and low-expression groups, and survival differences 
were analyzed. Finally, the correlation between PPIA gene expression and enrichment scores was examined.

Cell culture
The normal human lung epithelial BEAS-2B cells and human lung adenocarcinoma cell lines A549 and H1975 
used in this study were all purchased from the Cell Resource Center of Shanghai Institutes for Biological Sciences. 
The cell culture conditions were as follows: BEAS-2B cells were cultured in F12K medium, while A549 and 
H1975 cells were cultured in RPMI-1640 medium (both products from Gibco BRL, USA), with the addition of 
10% fetal bovine serum (FBS) and 1% penicillin-streptomycin solution (Gibco, Invitrogen, USA). All cells were 
maintained under standard cell culture conditions: 5% CO₂, 95% relative humidity, and a constant temperature 
of 37 °C.

Cell transfection
To investigate the functional role of PPIA, small interfering RNA (siRNA) technology was used to specifically 
knock down its expression. The siRNA constructs were purchased from Siwega Biotechnology Co (Wuhan, 
China), and the pCMV-C-Myc plasmid was obtained from Beyotime Biotechnology (Shanghai, China). The 
specific sequences are listed in Supplementary Table S1.

Transfection was performed in 6-well plates, with a cell density controlled to 50% confluence. Lipofectamine 
3000 (Invitrogen, USA) was used as the transfection reagent, following the manufacturer’s instructions. After 
transfection, the cells were cultured for 48 h and then subjected to subsequent experimental analysis.

RNA extraction and qRT-PCR
Total RNA from the cell lines was extracted using TRIzol reagent (R1000, Solarbio) according to the standard 
procedure, and cDNA synthesis was performed using PrimeScript™ RT Master Mix (R232-01, Vazyme). The real-
time quantitative PCR (qRT-PCR) reaction mixture used SYBR Green Pro Taq HS Premix (AG11701, Agbio), 
with GAPDH as the internal control gene to normalize the mRNA expression levels. The relative gene expression 
levels were calculated using the 2-ΔΔCT method, and the primers used in the experiment were synthesized by 
Shanghai Shenggong Bioengineering Co., Ltd. (full sequences are shown in Supplementary Table S1).

Cell proliferation assay (CCK-8)
The cell proliferation ability was assessed using the CCK-8 kit (UE, Suzhou, China) according to the 
manufacturer’s instructions. 1000 cells/well were seeded in a 96-well plate and cultured under the specified 
experimental conditions. Every 24 h, 10 µL of CCK-8 reagent was added to the serum-free medium, and after 
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2 h of incubation in the dark, absorbance was measured at 450 nm using a microplate reader. Cell proliferation 
was monitored over 5 days to plot the growth curve.

Colony formation assay
1000 cells/well were seeded in a 6-well plate, and the experiment was terminated after 14 days of culture. The 
medium was discarded, and cells were washed twice with PBS, fixed with 4% paraformaldehyde for 15 min, and 
stained with 0.1% crystal violet solution at room temperature for 30 min. After slow washing with running water, 
the cells were air-dried. Colonies consisting of more than 50 cells were counted under a microscope, and the 
colony formation rate was calculated.

Wound healing assay
After 48 h of transfection, when the cells had fused to 95%, a 200 µL sterile pipette tip was used to create a scratch 
in the monolayer of cells in the 6-well plate. The plate was then gently washed three times with PBS to remove 
floating cells. Serum-free medium was added for further culture, and images were captured under a microscope 
at 0 and 48 h. ImageJ software was used to measure the change in scratch width, and the relative migration rate 
was calculated as: migration rate (%) = (0 h scratch width − 48 h scratch width)/0 h scratch width × 100%.

Transwell migration and invasion assay
Cells were incubated for 24 h in starvation in serum-free basal medium to synchronize their growth condition. 
Following the conclusion of starvation cultures, cells were enzymatically digested with trypsin and subsequently 
harvested. Following the removal of the original medium, the cells were resuspended in basal medium. For 
migration tests, Transwell chambers were positioned on 24-well plates, and 2 × 10^4 cells were inoculated into 
the top compartment, while complete media with 10% FBS was introduced into the lower chamber. In the 
invasion assay, matrix glue was initially applied to the upper chamber of the Transwell chamber prior to cell 
seeding, followed by the identical process utilized in the migration assay. Following a 24-hour culture period, the 
Transwell chamber was extracted, and the cells were preserved with 4% paraformaldehyde. Following cell fixation, 
staining was conducted utilizing a 0.1% crystal violet solution. Upon completion of the staining, the residual 
non-migratory or non-invasive cells in the upper chamber were meticulously scraped away, and the Transwell 
chamber was positioned beneath an inverted microscope for inspection and photographic documentation.

Immunohistochemical validation
Immunohistochemical staining slides for PPIA in lung cancer and normal lung tissues were obtained from The 
Human Protein Atlas (HPA) database, and staining intensity and positive cell proportions were analyzed using 
ImageScope software. The H-score differences between tumor and normal tissues were compared to assess the 
expression characteristics of PPIA in clinical samples.

Assessment of fatty acid-glutamine network
The transfected A549 and H1975 cells were grown in culture medium for 24 h. According to the manufacturer’s 
instructions, the Glutamine Assay Kit (Colorimetric) (ab197011), α-Ketoglutarate (alpha KG) Detection Kit 
(ab83431), GSH/GSSG Ratio Detection Kit (Fluorescent - Green) (ab138881), and Free Fatty Acid Assay Kit - 
Quantification (ab65341) were used to detect glutamine uptake, α-KG production, GSH/GSSG ratio, and free 
fatty acid content in lung adenocarcinoma cells.

Western blot analysis
Cells in six-well plates were lysed using RIPA lysis buffer supplemented with protease and phosphatase inhibitors 
to extract total protein. The protein concentration was quantified with the BCA technique, and the samples were 
standardized to an equivalent concentration. Identical quantities of protein samples were subjected to SDS-
PAGE gel electrophoresis and then transferred to PVDF membranes. The membranes were blocked with 5% BSA 
in TBST buffer at room temperature for one hour after the transfer. The primary antibody was administered, 
and the membranes were incubated at 4 °C overnight. Subsequent to the removal of the primary antibody, the 
membranes were subjected to three washes with TBST buffer, each lasting 5 min. Following this, the HRP-
conjugated secondary antibody was introduced, and the membranes were incubated at ambient temperature 
for 1 h. The membranes were created using ECL, and the bands were documented while the expression levels of 
the target proteins were assessed by an image analysis system. The antibodies used in this section are as follows: 
PPIA (Cyclophilin A Polyclonal antibody, 1:1000, Proteintech, Cat No. 10720-1-AP), N-cadherin (N-cadherin 
Polyclonal antibody, 1:5000, Proteintech, Cat No: 22018-1-AP), E-cadherin (E-cadherin Polyclonal antibody, 
1:5000, Proteintech, Cat No: 20874-1-AP), Vimentin (Vimentin Polyclonal antibody, 1:20000, Proteintech, Cat 
No: 10366-1-AP), c-MYC (c-MYC Polyclonal antibody, 1:12000, Proteintech, Cat No. 10828-1-AP), GAPDH 
(GAPDH Monoclonal antibody, 1:20000, Proteintech, Cat No: 60004-1-Ig), Rabbit secondary antibody (HRP-
conjugated Goat Anti-Rabbit IgG(H + L), 1:7500, Proteintech, Cat No: SA00001-2), Mouse secondary antibody 
(HRP-conjugated Goat Anti-Mouse IgG(H + L), 1:7500, Proteintech, Cat No: SA00001-1).

Statistical analysis
All data were processed and visualized using R (v4.2.3) and GraphPad Prism (v9.4.0). Survival analysis was 
conducted using the Kaplan-Meier method and log-rank test (*P < 0.05, **P < 0.01, ***P < 0.001), and the 
predictive efficacy of the risk score was evaluated using time-dependent ROC curves (AUC > 0.5 is considered 
effective). After testing the normality of quantitative data, inter-group comparisons were conducted using 
independent samples t-test or one-way ANOVA, while non-normally distributed data were analyzed using the 
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Wilcoxon rank-sum test or Kruskal-Wallis test. Bivariate correlation analysis uses the Spearman correlation 
coefficient (ρ).

Two-tailed tests were performed for all statistical analyses, and differences with P values less than 0.05 were 
considered statistically significant.

Results
Single-cell RNA sequencing data processing
Strict quality control was applied to the single-cell RNA sequencing (scRNA-seq) data in this study, resulting in 
the exclusion of low-quality cells and the retention of 39,550 high-quality cells for downstream analysis. Quality 
control criteria included the detection of at least three genes per cell, mitochondrial gene expression below 20%, 
and each gene being expressed in at least three cells. The 12 analyzed samples showed uniform cell distribution 
without significant batch effects (Fig. 1A), indicating suitability for further analysis. Dimensionality reduction 
was performed using t-distributed stochastic neighbor embedding (t-SNE). It categorized these cells into 16 
distinct clusters (Fig. 1B). Based on canonical cell marker expression, eight major cell types were identified, 
including T cells, B cells, endothelial cells, epithelial cells, NK cells, monocytes, macrophages, and smooth 
muscle cells (Fig. 1C). Fatty acid metabolism activity at the single-cell level was evaluated using the “AUCell” R 
package, which calculated gene set enrichment scores (AUC values) for each cell. Macrophages, monocytes, and 
epithelial cells showed higher fatty acid metabolic activity (Fig. 1D). A total of 2,445 marker genes from these 
three cell types were extracted as fatty acid metabolism-related genes for subsequent analysis.

Identification of fatty acid metabolism-related genes and construction of a prognostic risk 
model
A prognostic risk scoring model for LUAD was constructed based on the TCGA-LUAD cohort. Fatty acid 
metabolism scores were first calculated for each sample using single-sample Gene Set Enrichment Analysis 
(ssGSEA). Weighted gene co-expression network analysis (WGCNA) identified gene modules significantly 
associated with fatty acid metabolism, particularly the turquoise (r = 0.53) and brown (r = 0.39) modules (Fig. 

Fig. 1.  Annotation of single-cell data and fatty acid metablism activity. (A) The t-SNE plot displayed all cells 
from the 12 LUAD samples. (B) The t-SNE plot categorized these cells into 16 distinct clusters. (C) The t-SNE 
map indicated that LUAD samples can be annotated as 8 cell types in the tumor microenvironment. (D) 
AUCell score of model genes in each cell.
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2A and F). By integrating the 2,445 fatty acid metabolism-related genes identified from scRNA-seq data, 70 
overlapping genes were screened. Subsequently, univariate Cox regression analysis, LASSO regression for 
dimensionality reduction, and multivariate Cox regression analysis were performed (Fig. 2G and J). Four key 
genes—ERCC1, KYNU, AKR1A1, and PPIA—were ultimately selected to construct the prognostic risk model: 
Risk score = (0.4405 × ERCC1) + (0.1583 × KYNU) + (− 0.8604 × AKR1A1) + (0.4176 × PPIA). High expression 
of ERCC1 and KYNU, low expression of AKR1A1, and high expression of PPIA were all associated with poor 
prognosis. The model exhibited strong predictive performance in both the training cohort and two independent 
GEO validation datasets (AUC > 0.65), and high-risk patients showed significantly reduced overall survival.

Survival analysis and model evaluation
Patients in the TCGA-LUAD cohort were stratified into high-risk and low-risk groups based on the median risk 
score. Kaplan-Meier survival analysis demonstrated a significant difference in overall survival between the two 
groups (P < 0.05, Fig. 3A and B), with high-risk patients showing markedly poorer prognosis. This finding was 
validated in two independent GEO datasets (GSE11969 and GSE68465), which also exhibited significant survival 
differences (P < 0.05, Fig. 3C and D), confirming the model’s reproducibility and robustness. The predictive 
performance of the model was further assessed using receiver operating characteristic (ROC) curves. The AUC 
values in the TCGA dataset and the two GEO validation sets were all above 0.6 (Fig. 3E and H), indicating 
favorable predictive stability and clinical applicability across datasets. Collectively, these results support the 
utility of this risk model as an effective tool for prognostic evaluation in LUAD patients.

Construction of the prognostic nomogram
To further enhance the clinical utility of the prognostic model, we integrated clinicopathological parameters—
including patient age and tumor stage—with the risk score to construct a personalized prognostic nomogram for 
patients in the TCGA-LUAD cohort (Fig. 4A). The nomogram was developed using multivariate Cox regression 
analysis, which determined the weighting coefficients for each variable. Among these, the risk score emerged as 
the most dominant predictive factor, while clinical features such as age and tumor stage were incorporated to 
refine survival risk quantification. The calibration curve (Fig. 4B) showed excellent agreement between predicted 
survival probabilities and actual outcomes, validating the model’s predictive accuracy. To comprehensively assess 
the model’s performance, time-dependent ROC curve analysis was conducted to evaluate 1-, 3-, 5-, and 10-year 
survival predictions, with corresponding AUC values of 0.78, 0.74, 0.75, and 0.78 (Figs. 4C–F), indicating the 
nomogram’s robust predictive capability across multiple time points.

The expression and biological function of PPIA in LUAD
An in-depth analysis of the PPIA gene revealed the highest hazard ratio (HR) among the studied genes. Using 
the TIMER database, we evaluated PPIA expression across different cancer types and adjacent normal tissues. 
Results showed significant overexpression of PPIA in tumor tissues of most cancers (Fig. 5A). Additionally, 
using the GEPIA database, TCGA-LUAD patients were categorized into high and low PPIA expression groups, 
with patients in the high expression group exhibiting poorer prognosis (Fig. 5B). To explore the underlying 
mechanisms of this observation, we analyzed the correlation between PPIA expression and hallmark gene sets 
(Fig. 5C). Notably, PPIA expression was positively correlated with pathways such as Myc_Target_v1, Myc_
Target_v2, glycolysis, oxidative phosphorylation, and TORC1 signaling (all correlations > 0.5).

The expression of PPIA is an important factor affecting the metabolism of lung 
adenocarcinoma cells
Lung adenocarcinoma originates primarily from epithelial cells, so we focused on analyzing the epithelial cell 
subpopulation. KEGG enrichment analysis of differentially regulated genes after virtual knockout of the PPIA 
gene revealed significant enrichment in metabolic pathways, including Glutathione metabolism and Metabolism 
of xenobiotics by cytochrome P450 (Fig. 5D and E). Cells were divided into high and low PPIA expression 
groups based on the median expression of PPIA, and the differences in expression levels were visualized (Fig. 
5F). Metabolic analysis showed significant differences in various metabolic pathways between the high and low 
PPIA expression groups (Fig. 6).

  

PPIA shows significantly high expression in lung adenocarcinoma
To compare PPIA expression between normal lung cells and LUAD cells, we used the BEAS-2B cell line and two 
LUAD cell lines, A549 and H1975. qRT-PCR results showed that PPIA expression was significantly elevated in 
LUAD cell lines (Fig. 7A). PPIA expression was efficiently silenced by siRNA in A549 and NCI-H1975 cells. Four 
experimental groups were established (si-NC, si-NC + pCMV-C-Myc, si-PPIA, and si-PPIA + pCMV-C-Myc). 
Both qRT-PCR and Western blot analyses confirmed a marked decrease in PPIA mRNA and protein expression 
following siRNA transfection, while pCMV-C-Myc co-transfection partially restored PPIA expression (Fig. 7B 
and D). To assess PPIA expression in patient samples, we analyzed immunohistochemical pathological slides 
from the HPA database, revealing significantly higher expression in lung adenocarcinoma tissue compared to 
normal lung tissue (Fig. 7E).

Data are presented as mean ± standard deviation from three independent replicates. Statistical significance 
was indicated as follows: *P < 0.05, **P < 0.01, ***P < 0.001.
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Fig. 2.  Construction and validation of the prognostic model associated with fatty acid metabolism.(A) 
Clustering dendrogram of whole-genome genes from colorectal adenocarcinoma samples. (B) Heatmap 
showing the correlation between module eigengenes and fatty acid metabolism. (C, D) Relationship between 
soft-thresholding power and average connectivity; the scale-free topology model fit index (R²) is displayed on 
the y-axis. (E, F) Scatter plots of gene significance (GS) versus module membership (MM) in the turquoise 
module (E) and the brown module (F). (G–J) Prognostic genes were further identified using univariate Cox 
regression, LASSO regression, and multivariate Cox regression analyses.
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Interfering with PPIA can inhibit the proliferation and metastasis of lung adenocarcinoma 
cells
In LUAD cell lines A549 and NCI-H1975, CCK-8 assays revealed that PPIA knockdown markedly reduced 
cell proliferation, whereas co-transfection with pCMV-C-Myc partially reversed this inhibitory effect (Fig. 8A). 
Consistently, colony formation assays showed that PPIA silencing significantly suppressed colony formation, 
with both the number and plating efficiency of colonies notably decreased in the si-PPIA group compared with 
the si-NC group, while Myc overexpression mitigated this reduction (Fig. 8B). In the scratch wound healing 
assay, the wound closure rate was markedly slower in the si-PPIA group than in the control, and pCMV-C-
Myc co-transfection partially restored migratory capacity (Fig. 9A). Similarly, Transwell migration and invasion 

Fig. 3.  Performance evaluation of the risk prediction model. (A-D) Kaplan–Meier survival analysis of the 
prognostic signature across the training set, validation set, and two independent GEO datasets. (E-H) ROC 
curves demonstrating the predictive performance of the model in the training set, validation set, and two 
independent GEO datasets.
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assays demonstrated that PPIA knockdown significantly inhibited the migratory and invasive abilities of LUAD 
cells, which were partially rescued by Myc overexpression (Fig. 9B).

Interfering with PPIA can reshape the fatty acid-glutamine network and inhibit EMT through 
the c-Myc pathway
Western blot analysis was used to verify the protein expression of EMT (epithelial-mesenchymal transition) 
markers in the si-PPIA and si-NC groups. After PPIA interference, N-cadherin and Vimentin expression 
significantly decreased, while E-cadherin expression increased (Fig. 10 A and B).

To explore the impact of PPIA on fatty acid and glutamine metabolism reprogramming, we assessed relevant 
metabolic markers. PPIA interference significantly reduced the levels of glutamine, α-ketoglutarate, GSH/GSSG, 
and free fatty acids. c-Myc is a key factor in the glutamine metabolic pathway, directly influencing the transport 
of glutamine into cells (Fig. 10 C F). Western blot analysis revealed that c-Myc expression was significantly 
downregulated in LUAD cells following PPIA knockdown, whereas co-transfection with pCMV-C-Myc partially 
restored c-Myc levels (Fig. 10G). Consistently, densitometric quantification and RT-qPCR confirmed this trend 
in both A549 and NCI-H1975 cells (Fig. 10H J), suggesting that c-Myc overexpression may partially reverse the 
molecular and cellular effects induced by PPIA depletion. These findings indicate that PPIA knockdown reduces 
c-Myc expression, which may contribute to the observed suppression of glutamine and fatty acid metabolism in 
LUAD cells.

Discussion
Despite the significant heterogeneity of the tumor microenvironment (TME) across various cancer types, all 
tumor cells share the common feature of acquiring nutrients through metabolic reprogramming to support their 
rapid proliferation. To maintain mitochondrial function and the normal operation of the TCA cycle, tumor 
cells have developed a unique glutamine replenishment pathway26. As the most abundant free amino acid in the 
blood, glutamine is extensively taken up by tumor cells, primarily through the ASCT2 and SN2 transporters. It is 
then converted into glutamate by glutaminase (GLS/GLS2), which is further transformed into α-ketoglutarate to 
replenish TCA cycle intermediates27. This metabolic pattern makes tumor cells highly dependent on glutamine, 
resulting in what is known as “glutamine addiction,” where glutamine deprivation leads to tumor cell growth 
arrest or even cell death28. Recent single-cell RNA sequencing studies have revealed significant metabolic 
heterogeneity among different tumor subgroups, with some particularly dependent on glutamine metabolism 
to maintain their stemness and invasiveness. This provides a theoretical foundation for precision therapies 
targeting glutamine metabolism.

Fig. 4.  Development of an integrated prognostic nomogram. (A) A prognostic nomogram was developed 
by integrating clinical parameters with the risk score. (B) Calibration plots for 1-, 3-, 5-, and 10-year overall 
survival. (C–F) Time-dependent ROC curves for 1-, 3-, 5-, and 10-year survival illustrating the AUC values for 
clinical variables, the risk score, and the nomogram.*P < 0.05, **P < 0.01, ***P < 0.001.
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Fig. 5.  The role of PPIA in cancer. (A) Boxplot showing PPIA expression across pan-cancer datasets. (B) 
Survival analysis indicating the prognostic impact of PPIA expression. (C) Correlation between PPIA 
expression and 50 hallmark signaling pathways. (D, E) KEGG and GO enrichment analyses of differentially 
regulated genes after in silico PPIA knockout. (F) Differential expression of PPIA in lung adenocarcinoma 
epithelial cells.*P < 0.05, **P < 0.01, ***P < 0.001.
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Using WGCNA and AUCell algorithms, we identified genes strongly associated with fatty acid metabolism 
and selected four key genes—ERCC1, KYNU, AKR1A1, and PPIA—to construct a risk score model. The fatty acid 
metabolism-based risk score model demonstrated strong predictive performance across multiple independent 
datasets and was significantly associated with various clinical parameters. Kaplan-Meier survival curves showed 
that patients with high-risk scores had significantly poorer prognoses than those with low-risk scores. The 
model’s predictive efficacy for patient survival was evaluated using ROC curves and prognostic nomograms, 
demonstrating strong predictive power.

Among the four genes included in the model, PPIA attracted particular attention due to its strong association 
with lipid metabolic processes and patient prognosis. This study is the first to systematically reveal the key 
regulatory role of PPIA in lung adenocarcinoma (LUAD), demonstrating that PPIA not only plays a critical role 
in tumor microenvironment remodeling but also promotes tumor progression by influencing the fatty acid-
glutathione metabolic network and EMT processes. Using single-cell RNA sequencing (scRNA-seq) and RNA-
seq analysis, we found that PPIA expression was significantly upregulated in macrophages, monocytes, and 
epithelial cells, and was closely associated with fatty acid metabolic activity. Differential expression analysis 
and Kaplan-Meier survival curves further confirmed that high PPIA expression was associated with shorter 
survival in LUAD patients, suggesting that it could serve as a potential independent prognostic marker. Single-
gene GSVA analysis revealed that high PPIA expression was linked to enrichment in the Myc_Target_v1, Myc_
Target_v2, glycolysis, oxidative phosphorylation, and mTORC1 signaling pathways. In silico knockout analysis 
showed that PPIA knockout significantly enriched genes involved in glutathione metabolism in LUAD cells. 
These findings suggest that PPIA may be closely linked to energy metabolism pathways associated with LUAD 
growth, and interfering with its expression may affect glutathione-related metabolic pathways.

Based on the results of bioinformatics analyses, we performed a series of in vitro experiments to validate the 
functional role of PPIA in LUAD. qRT-PCR, Western blot, and immunohistochemistry consistently confirmed 
that PPIA was markedly overexpressed in LUAD tissues, and its expression level was significantly associated 
with patient prognosis. CCK-8 and colony formation assays demonstrated that PPIA knockdown significantly 
suppressed the proliferative capacity of LUAD cells. Wound healing and Transwell migration/invasion assays 
showed that silencing PPIA markedly impaired the migratory and invasive potential of LUAD cells. Western 
blot analysis further revealed that PPIA knockdown led to increased expression of E-cadherin and reduced levels 
of N-cadherin and Vimentin, suggesting that inhibition of PPIA suppresses LUAD progression by attenuating 
the epithelial-mesenchymal transition (EMT) process. To further elucidate the metabolic consequences of 

Fig. 6.  24,25Metabolic differences between high and low PPIA expression groups in epithelial cells.
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PPIA knockdown and validate the bioinformatics predictions, we assessed c-Myc expression and key metabolic 
intermediates in LUAD cells. Both mRNA and protein levels of c-Myc were significantly reduced upon PPIA 
knockdown. In addition, intracellular levels of glutamine, α-ketoglutarate (α-KG), and the GSH/GSSG ratio 
were all significantly decreased. Notably, PPIA knockdown also led to a marked reduction in free fatty acid 
levels, indicating disrupted lipid metabolism.

High PPIA expression is strongly associated with fatty acid metabolism in LUAD, and its knockdown 
substantially disrupts fatty acid metabolic processes in tumor cells. As a central regulator of cellular metabolism, 
c-Myc facilitates glutamine uptake by upregulating the amino acid transporter SLC1A529,30. Knockdown of 
PPIA results in downregulation of c-Myc expression, which leads to reduced glutamine uptake and subsequent 
depletion of downstream metabolites such as α-ketoglutarate (α-KG) and glutathione (GSH). However, the 
underlying mechanism by which PPIA regulates c-Myc expression (e.g., through transcriptional regulation, 
modulation of protein stability, or other indirect pathways) remains unclear and requires further investigation.

Notably, the decreased GSH/GSSG ratio compromises the cellular antioxidant defense against reactive oxygen 
species (ROS), thereby increasing susceptibility to oxidative stress and triggering programmed cell death31,32. 
The reduction in glutamine metabolism following PPIA knockdown may also impair both the tricarboxylic 
acid (TCA) cycle and fatty acid metabolism. As a critical intermediate in energy production, α-KG depletion 
disrupts these pathways and hinders metabolic homeostasis33. Recent studies have shown that miRNA-mediated 
regulation of cell-cycle and cytoskeletal pathways profoundly affects LUAD prognosis34, underscoring a broader 
network where non-coding RNAs cooperate with metabolic drivers such as PPIA and c-Myc to shape tumor 
progression and therapeutic response. Collectively, these findings suggest that PPIA holds potential as a 
therapeutic target in LUAD, with preliminary evidence indicating that targeting PPIA may exert anti-tumor 
effects by simultaneously interfering with glutamine metabolism, lipid utilization, and redox homeostasis—
though further preclinical validation is necessary to confirm its translational value.

In summary, this study constructed and validated a prognostic model based on fatty acid metabolism-
related genes, which exhibited strong predictive accuracy for LUAD prognosis. Among the identified genes, 
PPIA emerged as a potential high-risk biomarker, and in vitro experiments demonstrated that PPIA interference 
suppressed LUAD cell proliferation, migration, and invasion. Mechanistically, PPIA knockdown simultaneously 
decreased c-Myc expression and disrupted glutamine metabolism(including fatty acid, α-ketoglutarate and 

Fig. 7.  (A) Relative expression level of PPIA. (B) Evaluation of PPIA knockdown efficiency in A549 
and NCI-H1975 cells with four experimental groups (si-NC, si-NC + pCMV-C-Myc, si-PPIA, and si-
PPIA + pCMV-C-Myc). (C) Western blot analysis and quantification of PPIA protein levels in the same groups. 
(D) Quantification of PPIA protein levels based on Western blot results in A549 and NCI-H1975 cells. (E) 
Immunohistochemistry of PPIA in tumor and adjacent normal tissues.
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glutathione), positioning PPIA as a promising therapeutic target that could simultaneously impact fatty acid and 
glutamine metabolism in LUAD.

However, this study has several limitations that should be acknowledged. First, all functional experiments 
were conducted in vitro, and the lack of in vivo validation limits the generalizability of our findings, particularly 
given the immunological and systemic complexities of the tumor microenvironment in living organisms. Future 
work will include in vivo models such as xenograft assays and immune checkpoint inhibitor (ICI) treatment 
models to validate the role of PPIA in LUAD progression and its biological relevance. Second, while we propose 
PPIA as a potential therapeutic target, our current data are insufficient to fully support its translational readiness, 
and the discussion of its therapeutic potential should be interpreted with caution until additional preclinical 
data (e.g., in vivo efficacy of pharmacological inhibition) are obtained. Third, we did not perform subgroup 
analyses to evaluate the prognostic model’s performance across key clinical subgroups such as age, sex, tumor 
stage, or tumor mutational burden (TMB) level, which may limit our understanding of the model’s applicability 
in diverse patient populations. If feasible, future studies should incorporate these subgroup analyses to enhance 
the clinical relevance of the model. Fourth, as highlighted earlier, the mechanism underlying the regulatory 
interaction between PPIA and c-Myc remains speculative. To address this, future experiments could include 
targeted assays such as promoter activity analysis, ChIP-qPCR, or co-immunoprecipitation to clarify how PPIA 
modulates c-Myc expression.​

Fig. 8.  (A) CCK-8 assay showed that PPIA knockdown markedly reduced cell viability, while Myc 
overexpression partially rescued the inhibitory effect. (B) Colony formation assay demonstrated that the 
number of colonies was significantly decreased in PPIA-silenced cells compared with the control groups, and 
Myc overexpression attenuated this reduction.
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Conclusion
The prognostic model constructed based on fatty acid metabolism-related genes demonstrates strong predictive 
accuracy. Among these, PPIA, identified as a high-risk prognostic factor, appears to promote the aggressive 
progression of LUAD by regulating c-Myc protein levels and driving the reprogramming of the fatty acid–

Fig. 9.  (A) Scratch-wound healing assay revealed that PPIA knockdown significantly delayed wound 
closure compared with the control groups, whereas Myc overexpression partially reversed this effect. (B) 
Transwell migration and invasion assays demonstrated that downregulation of PPIA markedly suppressed 
the migratory and invasive abilities of LUAD cells, while Myc overexpression alleviated these inhibitory 
effects. all experiments were replicated using two LUAD cell lines, A549 and H1975.Data are presented as 
mean ± standard deviation from three independent replicates. Statistical significance was indicated as follows: 
*P < 0.05, **P < 0.01, ***P < 0.001.
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glutamine metabolic network. Further in vivo and mechanistic studies are warranted to validate the therapeutic 
potential of PPIA and clarify its precise role in LUAD pathogenesis.

Data availability
To access the data supporting this study’s findings, please contact the corresponding author with a reasonable 
request.
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Fig. 10.  (A) Western Blot of EMT markers after interfering with PPIA. (B) Statistical plot of EMT markers in 
A549 cells and NCI-H1975 cells after interfering with PPIA. (C) Quantification of relative glutamine uptake 
following PPIA knockdown in A549 and NCI-H1975 cells. (D) Quantification of relative Alpha Ketoglutarate 
production following PPIA knockdown in A549 and NCI-H1975 cells. (E) Quantification of GSH/GSSG 
ration following PPIA knockdown in A549 and NCI-H1975 cells. (F) Quantification of FFA following PPIA 
knockdown in A549 and NCI-H1975 cells. (G) Western blot analysis of c-Myc protein expression in A549 
and NCI-H1975 cells following PPIA knockdown and/or Myc overexpression. (H, J) RT-qPCR analysis of 
c-Myc mRNA expression in A549 and NCI-H1975 cells after PPIA knockdown and/or Myc overexpression. (I) 
Quantification of c-Myc protein levels based on Western blot results in A549 and NCI-H1975 cells.
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