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ABSTRACT

Pulmonary hypertension (PH) often results in right ventricular hypertrophy, contributing to higher mortality. This
study investigates PH-associated metabolites and their influence on genomic alterations and post-translational
modifications (PTMSs) in cancer, while assessing the therapeutic potential of DHA and EPA in reducing oxidative
stress and inflammation. Using Mendelian randomization on a cohort of 289,365 individuals, we explored the
causal involvement of 1,400 metabolites in pulmonary hypertension. The potential anti-inflammatory and
antioxidant actions of DHA and EPA were investigated in RAW 264.7 macrophages and multiple cancer cell lines
(A549, HCT116, HepG2, LNCaP). We further characterized genomic alterations—including CNVs, DNA
methylation patterns, tumor mutation burden (TMB), and post-translational modifications (PTMs)—and
evaluated how DHA and EPA influence reactive oxygen species production and the proliferation of cancer cells.
A total of 57 metabolites were found to be associated with pulmonary hypertension risk, and critical tumor-related
pathways were investigated via promoter methylation analysis. DHA and EPA markedly lowered ROS levels and
inflammatory markers in macrophages, suppressed proliferation across multiple cancer cell lines, and reduced the
nuclear translocation of SUMOylated proteins under oxidative and inflammatory conditions. These results
indicate a potential anticancer effect through modulation of stress-responsive nuclear signaling and regulation of
cellular post-translational modifications. This study highlights alterations in metabolism and post-translational
modifications in pulmonary hypertension and cancer, demonstrating that DHA and EPA can mitigate oxidative
stress and inflammatory responses. The results underscore the potential of targeting these pathways for developing
early biomarkers and therapeutic strategies, offering promising avenues to enhance disease management and
patient outcomes.”
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Introduction

Pulmonary hypertension (PH) is a life-threatening cardiovascular disorder characterized by persistently high
pressure in the pulmonary arteries, often progressing to right ventricular failure. Beyond its hemodynamic impact,
PH shares molecular and cellular features with other systemic diseases, most notably various cancers. Recent
studies suggest that metabolic reprogramming plays a critical role in PH development, influencing disease
progression through pathways that intersect with oxidative stress, inflammation, and vascular remodeling. This
complexity is further amplified by comorbidities such as COVID-19, stroke, and pneumonia, which underscore
the multifactorial nature of PH and its sensitivity to systemic metabolic and genetic factors. Specific metabolic
disruptions, including altered plasma homocysteine levels and COPD-related pathways, have been linked to PH
pathophysiology, highlighting potential therapeutic targets, particularly in vulnerable populations such as
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postmenopausal diabetic women. Emerging nanotechnology-based approaches offer promising avenues for
intervention, especially in the context of cancer treatment and drug delivery.

Metabolites do more than support cellular energy—they act as dynamic signaling molecules capable of
modulating gene expression, protein function, and post-translational modifications (PTMs) such as
phosphorylation, acetylation, and SUMOylation. These mechanisms are central to the interplay between oxidative
stress, inflammation, and vascular dysfunction in PH. Hormonal regulation, for instance through estrogen receptor
signaling in ovarian cancer, further connects systemic metabolism to vascular health. Tumor progression can also
influence pulmonary vascular remodeling, suggesting bidirectional crosstalk between cancer and PH. Genomic
studies reveal overlapping patterns between pan-cancer traits and PH, though many mechanistic details remain
elusive. Investigations into m6A RNA methylation in cancer stem cells and epigenetic processes like epithelial-
mesenchymal transition provide new perspectives on shared molecular drivers that may underlie both PH and
cancer, offering potential targets for biomarker development and therapeutic intervention.

In cancer, genomic and epigenomic features such as copy number variations (CNVs), DNA methylation, tumor
mutation burden (TMB), and post-translational modifications (PTMs) are intricately connected [1]. CNVs can
alter gene dosage, influencing both gene expression and the prevalence of PTMs on affected proteins [2, 3]. DNA
methylation further modulates PTMs by regulating the transcription of genes encoding enzymes responsible for
these modifications [4, 5]. High TMB leads to the production of neoantigens that stimulate immune cell
infiltration, often upregulating inflammation-related genes and indirectly affecting PTM landscapes [6]. PTMs
themselves govern protein activity and stability, while also shaping the function of transcription factors and
downstream gene networks [7]. Together, CNVs, DNA methylation, and PTMs form a complex regulatory
network that influences tumor behavior and the immune microenvironment, providing critical insight for
biomarker discovery and targeted therapy development.

Metabolites act as dynamic signaling molecules capable of regulating gene expression and protein function under
both normal and disease conditions, including pulmonary hypertension (PH) [8]. Certain metabolites can directly
modulate oxidative stress and inflammatory pathways in PH, frequently through PTM modifications such as
phosphorylation, acetylation, or SUMOylation of key proteins [9]. Because PTMs respond to cellular metabolic
status, fluctuations in metabolite levels can affect protein stability, activity, and localization, thereby influencing
disease progression [10, 11]. These modifications may alter the function of transcription factors or structural
proteins in pulmonary vascular cells, potentially exacerbating or mitigating PH. Furthermore, research into natural
products in cancer, such as cervical cancer, points to metabolite-driven therapeutic strategies that could be
translated to PH through shared metabolic and genetic pathways [12]. Overall, these observations support the
hypothesis that metabolites, PH, and PTMs are tightly interconnected, with metabolic changes shaping PTM
patterns and protein function. This framework provides a novel perspective for exploring PTMs as both
biomarkers and therapeutic targets in PH.

Understanding the causal links between metabolites and pulmonary hypertension (PH), as well as their
connections to genomic alterations in diverse cancers, remains a critical challenge. Current research often lacks
detailed insight into how specific metabolites interact with genetic changes across different cancer types and the
resulting implications for PH. Mendelian randomization has emerged as a powerful approach to clarify these
relationships. When combined with bioinformatics and single-cell sequencing, it enables detailed characterization
of immune responses across distinct tissue microenvironments, supporting the development of more precise,
individualized therapies. Recent advances in high-throughput technologies have expanded the use of
transcriptomics, metabolomics, and proteomics, enhancing disease diagnosis and treatment strategies [13-16].
This study seeks to address current knowledge gaps by investigating the causal effects of metabolites on PH and
examining post-translational modification (PTM)-related genomic alterations across multiple cancer types. By
exploring how metabolic fluctuations influence genetic and epigenetic changes in cancer, we aim to uncover the
molecular pathways connecting PH and malignancy. These insights could identify novel therapeutic targets and
diagnostic biomarkers, facilitating early detection and personalized treatment approaches. Integrating metabolic
and genetic perspectives is essential to fully understand the complex interplay underlying PH and related diseases.

Materials and Methods

Integration analysis of exercise-related genes and metabolomics
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The GENECARD database catalogs genes linked to exercise, offering information on their biological functions
and interactions across diverse cellular processes. Leveraging the MetaboAnalyst platform, we integrate these
gene datasets with metabolomic profiles to explore their combined roles in metabolic pathways.

Genomic features of cross-over genes in pan-cancer

For our pan-cancer analysis, we utilized DNA methylation and copy number variation (CNV) datasets from The
Cancer Genome Atlas (TCGA). CNV data were extracted for genes shared across multiple tumor types, with each
gene categorized as either amplified or deleted. The frequency of these alterations was then calculated for each
tumor type. Promoter DNA methylation levels of the overlapping genes were assessed in both normal and tumor
tissues using UALCAN (http://ualcan.path.uab.edu/analysis.html). The MethSurv database’s “Gene
Visualization” tool was employed to examine methylation patterns across different cancers. Additionally,
mutation data in Mutation Annotation Format (MAF) were retrieved via the R package “TCGAbiolinks,” and
tumor mutation burden (TMB) was calculated using the “maftools” R package.

Pan-cancer GSEA enrichment analysis

Differential gene expression between tumor and normal samples from TCGA was assessed using the “limma” R
package. Genes exhibiting significant expression changes were identified based on p-value thresholds and log2
fold change (log2FC) criteria. To explore the functional implications of these differences, Gene Set Enrichment
Analysis (GSEA) was conducted using the “clusterProfiler” R package. The data were appropriately formatted
for analysis, and the results were visualized to highlight key pathways and biologically relevant findings.

Tumor prognostic analysis

To investigate the prognostic significance of shared gene expressions, we analyzed TCGA patient data with a
focus on overall survival (OS). Survival differences across cancer types were assessed using Kaplan-Meier curves
and the log-rank test. Curve generation and visualization were performed with the “survival” and “survminer” R
packages. Additionally, we applied the Cox proportional hazards model to explore the impact of FGA and
NOTCHS3 expression on OS in a pan-cancer cohort, with effect estimates and confidence intervals presented
through forest plots using the “forestplot” R package.

Immune infiltration

We analyzed the infiltration of 22 immune cell types in tumor samples using marker data from CIBERSORTX
(https://cibersortx.stanford.edu/) and the core CIBERSORT algorithm. The analysis was conducted through the
CIBERSORT R script. To explore associations between individual gene expression and immune cell abundance
across pan-cancer datasets, Spearman correlation analysis was performed, with results visualized using heatmaps.
This approach provides a detailed assessment of the tumor microenvironment, offering insights into how immune
cell populations contribute to cancer progression.

Methylation analysis

Our methylation analysis focuses on multiple regulatory regions, including TSS1500 (—1,500 to —200 bp upstream
of the transcription start site), TSS200 (—200 bp upstream of the TSS), the first exon, and the 5" untranslated region
(5'UTR). For each sample, methylation levels are summarized using the median value. To assess the relationship
between DNA methylation and gene expression, we applied Spearman’s rank correlation, a non-parametric
method that evaluates monotonic associations between variables regardless of their distribution. In this analysis,
methylation levels serve as the independent variable, while gene expression levels are treated as the dependent
variable. The strength and direction of the association are quantified using the Spearman correlation coefficient.
Additionally, the Wilcoxon rank-sum test was employed to compare promoter methylation distributions between
tumor and normal tissue group

Gene set enrichment analysis and GSVA analysiss.

Gene Ontology (GO) enrichment analysis was performed on the selected gene sets using the “clusterProfiler” R
package, which was also employed to conduct Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
enrichment analysis. To quantify pathway activity, Gene Set Variation Analysis (GSVA) was applied using four
approaches: zscore, gsva, ssgsea, and plage. Except for the zscore method, results from the other approaches were
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converted to unitless Z-scores (x—u)/(x—)/c to standardize values across tumor samples. Differences between
tumor and normal tissues were evaluated using the Wilcoxon rank-sum test, and results were visualized through
boxplots generated with the ggplot2 package.

RAW 264.7 cell line

The RAW 264.7 macrophage cell line was obtained from the Shanghai Cell Bank, Chinese Academy of Sciences.
Cells were maintained in RPMI-1640 medium (Gibco Invitrogen, San Diego, CA, USA) supplemented with 10%
fetal bovine serum (Gibco BRL, Grand Island, NY, USA), 100 U/mL penicillin, and 0.1 mg/mL streptomycin,
under standard conditions of 37°C, 95% humidity, and 5% CO-. Docosahexaenoic acid (DHA) was prepared as a
1 mM stock solution in dimethyl sulfoxide (DMSO) and stored at —20°C. For experimental treatments, the stock
solution was diluted with DMSO to achieve a final concentration of 2 uM DHA or eicosapentaenoic acid (EPA),
and cells were exposed for 48 hours. DHA (>99% purity; D2534) and the fatty acid standard mixture were
purchased from Sigma (St. Louis, MO, USA), while EPA was obtained from Sigma-Aldrich (St. Louis, MO,
USA).

Cell culture and colony formation assay

The LNCaP (prostate), HepG2 (liver), A549 (lung adenocarcinoma), and HCT116 (colorectal) cell lines were
maintained in DMEM supplemented with 10% FBS and 1% penicillin-streptomycin under standard culture
conditions at 37°C in a 5% CO: humidified incubator. Media were replenished every 2—-3 days, and cells were
passaged using 0.25% trypsin-EDTA upon reaching 80-90% confluence. Cell line authentication was performed
prior to experiments to ensure experimental validity. For colony formation assays, cells were plated in 6-well
plates at 500—1,000 cells per well and incubated overnight to allow attachment. Cultures were maintained under
standard conditions, with fresh medium provided every 3—4 days. After 10-14 days, colonies became visible and
were fixed in 4% paraformaldehyde for 15 minutes, followed by staining with 0.5% crystal violet for 20 minutes.
Plates were rinsed with tap water and air-dried. Colonies containing more than 50 cells were counted under a
microscope, and the colony formation efficiency was calculated as the number of colonies relative to the number
of cells initially plated.

Inhibition of reactive oxygen species (ROS) production

RAW 264.7 cells were prepared at a density of 2.5 x 10° cells/mL. Each well received luminol, a compound that
amplifies light signals, along with zymosan to trigger reactive oxygen species (ROS) production. The resulting
chemiluminescence, reflecting ROS generation, was subsequently measured.

Immunofluorescence detection

Immunofluorescence staining was carried out following established protocols. Cells were first fixed in 4%
paraformaldehyde (PFA) for 15 minutes, then blocked for 1 hour to prevent non-specific binding. Samples were
incubated overnight at 4°C with the primary antibody. On the following day, cells were returned to room
temperature (=25°C) and incubated with a fluorescently conjugated secondary antibody for 1 hour. After washing
with PBS, coverslips were mounted using an anti-fade medium containing DAPI (Abcam). Images were captured
using fluorescence microscopy.

Statistical analysis
A P-value below 0.05 was considered indicative of statistical significance, confirming the reliability and validity
of our findings related to metabolites and pulmonary hypertension. Data are presented as mean + standard error.

Results and Discussion

Causal relationship between metabolites and the risk of pulmonary hypertension

To investigate whether specific metabolites influence pulmonary hypertension (PH), we applied a two-sample
Mendelian Randomization (MR) framework. The MR Egger intercept test showed no evidence of horizontal
pleiotropy (all p > 0.05), indicating the reliability of our genetic instruments. Sensitivity analysis using a leave-
one-out jackknife approach is presented in Figure 1. In total, 57 metabolites demonstrated a significant causal
relationship with PH at P < 0.01. Notably, Glucuronide of piperine (P = 0.030, OR = 1.316, 95% CI = 1.026-
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1.689), N-lactoyl valine (P = 0.034, OR = 2.029, 95% CI = 1.052-3.911), and N-stearoyl-sphingadienine
(d18:2/18:0) (P = 0.007, OR = 1.570, 95% CI = 1.126-2.189) were associated with increased risk of PH. In
contrast, Cerotoylcarnitine (C26) (P = 0.027, OR = 0.688, 95% CI = 0.493-0.959), Docosatrienoate (22:3n6) (P
= 0.041, OR = 0.642, 95% CI = 0.420-0.982), and 5-dodecenoylcarnitine (C12:1) (P = 0.036, OR = 0.545, 95%
Cl =0.309-0.962) exhibited protective effects. Reverse MR analyses examined whether PH influenced metabolite
levels, revealing a negative correlation with S-methylcysteine (P = 0.045, OR = 1.014, 95% CI = 1.000-1.028).
The MR Forest Plot illustrates the odds ratios (ORs) and 95% confidence intervals (Cls), highlighting significant
associations when the CI does not cross 1.

To strengthen causal inference, multiple MR methods were employed, including Inverse-Variance Weighted
(IVW), MR Egger, weighted median, weighted mode, and simple mode analyses using genetic instruments from
GWAS datasets. IVW combined estimates across instruments, MR Egger controlled for potential directional
pleiotropy, and the weighted median provided robust results even if up to 50% of instruments were invalid.
Collectively, these analyses indicate significant causal associations between certain metabolites and PH, offering
potential biomarkers and therapeutic targets for disease management.
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Figure 1. Workflow of Mendelian Randomization Analysis for Pulmonary Hypertension.

The diagram illustrates the systematic strategy used to assess the relationship between 1,400 metabolites and
pulmonary hypertension (PH). The process begins with the selection of metabolites, followed by identification of
single nucleotide polymorphisms (SNPs) strongly linked to each metabolite. SNPs in linkage disequilibrium (rz >
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0.0001, p < 1x107) located within 10,000 base pairs are excluded. Instrumental variables (IVs) associated with
potential confounders or lacking adequate strength are removed. The remaining data are standardized, and
palindromic 1Vs are discarded to ensure consistent alignment of alleles between exposure and outcome SNPs. PH
is designated as the outcome variable. SNPs are harmonized between the exposure and outcome datasets. Reverse
MR is performed, and MR analysis is conducted using independent IVs with p <5x10,12<0.001, and a distance
threshold of 10,000 bp. Multiple MR methods—including Inverse-Variance Weighted (IVW), Weighted Median,
MR Egger, Simple Mode, and Weighted Mode—are applied to assess causality. Heterogeneity tests evaluate the
consistency of effects across methods, while MR-PRESSO Global Test identifies and corrects for horizontal
pleiotropy. Sensitivity analyses are also conducted to confirm the robustness of the findings. This comprehensive
workflow ensures that the associations identified between metabolites and PH are reliable and minimally
influenced by confounding or pleiotropic effects.

Identification of metabolic pathways and exercise-related genes associated with pulmonary hypertension
Investigation of metabolic pathways and exercise-linked genes offered important insights into potential targets for
pulmonary hypertension (PH) therapy. Figure 2a presents the 25 most enriched pathways derived from
metabolomic profiling of PH patients using MetaboAnalyst 6.0. Pathways are ranked by statistical significance
(p-value, left panel) and enrichment ratio (right panel). Notable pathways associated with PH included D-Arginine
and D-Ornithine metabolism, starch and sucrose metabolism, and galactose metabolism. Dot size and color
indicate enrichment magnitude and statistical relevance, respectively, with higher enrichment and stronger
significance highlighted in red. These findings suggest that disturbances in amino acid and carbohydrate
metabolism may play key roles in PH development and could provide avenues for metabolic interventions. Figure
2b depicts a network of exercise-related genes and their links to various diseases, constructed using GeneCards
data. Genes such as IL6, IL1B, COL1Al1, COL5AL, IL10, IFNG, PRL, MPO, ACE, CCL2, REN, and F2 were
associated with conditions including inflammatory bowel disease, diabetes, rheumatoid arthritis, and Parkinson’s
disease. These genes are central to inflammation, immune regulation, and metabolic processes. The network
highlights their potential involvement in the physiological response to exercise and suggests a role in modulating
metabolic and immune dysregulation in PH. This integrated analysis of pathways and genes provides a basis for
developing exercise-centered strategies to mitigate PH-related metabolic and immune alterations.

Overview of Enriched Metabolite Sets (Top 25! Overview of Enriched Metabolite Sets (Top 25)

Metabolism Pathways Associated with Pulmonary Arterial Hypertension

l(— Exercise-related genes (from GeneCards) |

a)
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Figure 2. Metabolic Pathways and Exercise-Associated Genes in Pulmonary Hypertension. (a) Top 25
metabolic pathways significantly linked to pulmonary hypertension (PH) are displayed. The left panel ranks
pathways according to their p-values, while the right panel highlights those with higher enrichment ratios.
Each dot represents an individual pathway, with color indicating statistical significance (red = more
significant) and size representing the enrichment ratio. Analysis was performed using the MetaboAnalyst 6.0
platform based on metabolomics data from PH patients. (b) Network diagram showing connections between
exercise-associated genes and various diseases.

Genes including IL6, IL1B, COL1A1, COL5A1, IL10, IFNG, PRL, MPO, ACE, CCL2, REN, and F2 were
mapped using the GeneCards database. Nodes correspond to genes, edges indicate associations with diseases, and
node size and color reflect the strength and significance of the connections. This visualization highlights the
involvement of these genes in multiple conditions, including inflammatory bowel disease, diabetes, rheumatoid
arthritis, and Parkinson’s disease, emphasizing their relevance to both exercise physiology and pulmonary
hypertension.

Prognostic significance of overlapping gene expression in various cancers

This study explored the prognostic roles of 12 genes (ACE, CCL2, COL1A1, COL5A1, F2, IFNG, IL1B, ILS6,
IL10, MPO, PRL, and REN) across multiple cancer types by analyzing their impact on overall survival (OS).
Hazard ratios (HRs) with 95% confidence intervals (Cls) were calculated to assess whether higher or lower
expression levels corresponded to better or worse patient outcomes.

ACE showed protective effects in kidney renal clear cell carcinoma (KIRC) and mesothelioma (MESO), but
conversely, high ACE expression appeared detrimental in uterine carcinosarcoma (UCS). Elevated CCL2 levels
were associated with poorer prognosis in kidney renal papillary cell carcinoma (KIRP) and low-grade glioma
(LGG). COL1A1 expression correlated with increased risk in breast invasive carcinoma (BRCA), head and neck
squamous cell carcinoma (HNSC), and stomach adenocarcinoma (STAD), while demonstrating protective effects
in kidney chromophobe (KICH). Similarly, COL5A1 expression was linked to adverse outcomes in liver
hepatocellular carcinoma (LIHC) and lung adenocarcinoma (LUAD) but appeared beneficial in KIRC.
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F2 generally showed protective trends, although it was associated with higher risk in KIRC, BLCA, SARC, and
LGG. IFNG expression appeared favorable in esophageal carcinoma (ESCA) and KIRC but unfavorable in
BRCA. IL1B was protective in KIRC and BRCA but corresponded to worse prognosis in STAD and skin
cutaneous melanoma (SKCM), reflecting its complex influence in tumor-related inflammation. IL6 exhibited a
similar dual pattern, being protective in KIRC but indicating poor outcomes in lung squamous cell carcinoma
(LUSC) and BLCA.

IL10 was linked to higher risk in KIRP and pancreatic adenocarcinoma (PAAD) yet showed protective tendencies
in LUSC. MPO expression correlated with unfavorable prognosis in LIHC and LUSC but protective effects in
BLCA. PRL was associated with increased risk in COAD and BRCA but improved outcomes in KIRC. REN
demonstrated protective effects in KIRC and KIRP, while higher expression increased risk in LGG and UCS.
Overall, these findings highlight the diverse, context-dependent roles of these genes in cancer prognosis,
suggesting their potential as biomarkers for patient stratification
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Figure 3 presents forest plots that show hazard ratios (HRs) and 95% confidence intervals (Cls) for 12 overlapping
genes (ACE, CCL2, COL1A1, COL5AL, F2, IFNG, IL1B, IL6, IL10, MPO, PRL, and REN) in various tumor
types. These plots illustrate how the expression levels of these genes are associated with overall survival (OS),
indicating whether higher expression confers a survival advantage or disadvantage. ACE (OS): Higher ACE levels
were linked to improved survival in KIRC and MESO, but worse outcomes in UCS. CCL2 (OS): Increased CCL2
expression predicted poorer prognosis in KIRP and LGG. COL1AL (OS): Elevated COL1AL was detrimental in
BRCA, HNSC, and STAD, whereas it appeared protective in KICH. COL5A1 (OS): Higher COL5A1 levels were
associated with higher risk in LIHC and LUAD but indicated better survival in KIRC. F2 (OS): F2 expression
tended to be beneficial in KIRC and BLCA but unfavorable in SARC and LGG. IFNG (OS): IFNG expression
correlated with improved outcomes in ESCA and KIRC, but was linked to worse prognosis in BRCA. IL1p (OS):
Higher IL1B expression was favorable in KIRC and BRCA but associated with increased risk in STAD and
SKCM. IL6 (OS): Elevated IL6 predicted poorer survival in LUSC and BLCA, yet had protective effects in KIRC.
IL10 (OS): IL10 overexpression was associated with worse outcomes in KIRP and PAAD but improved prognosis
in LUSC. MPO (OS): MPO levels were risky in LIHC and LUSC but protective in BLCA. PRL (OS): High PRL
expression corresponded to higher risk in COAD and BRCA, while being beneficial in KIRC. REN (OS): REN
expression conferred a survival advantage in KIRC and KIRP but was linked to poorer outcomes in LGG and
ucCs.

Analysis of copy number variation, methylation, and TMB of overlapping genes in pan-cancer

Next, we investigated the functional features of the overlapping genes in pan-cancer by analyzing copy number
variation (CNV), DNA methylation, and tumor mutational burden (TMB). Figure 4a depicts the CNV landscape
of these genes across 20 cancer types. Each bar reflects gene-specific CNV alterations across cancers, with
different colors representing individual tumor types. Notably, COL1A1 and COL5AL1 frequently exhibited CNV
gains in BRCA and STAD, while ACE and IFNG showed CNV losses in KIRC and LUAD. Figure 4b shows the
differential expression of these genes across tumors. IL6 and IL10 were markedly upregulated in cancers such as
PAAD and LIHC, suggesting their involvement in tumor progression and inflammatory responses. Figure 4c
examines the correlation between CNV and gene expression. Genes like COL1AL and COL5A1 demonstrated
strong positive correlations in BRCA and STAD, indicating that CNV gains can drive higher gene expression. In
contrast, IFNG showed negative correlations in LUAD, suggesting that CNV losses may reduce its expression in
certain cancers. Figure 4d explores the relationship between promoter methylation and gene expression.
Hypermethylation of ACE and F2 was associated with lower expression in LUAD and KIRC, highlighting
epigenetic silencing. Conversely, hypomethylation of IL1B and IL6 in COAD and BRCA corresponded with
increased expression, implying promoter demethylation could activate oncogenic pathways. Figure 4e presents
the association between TMB and gene expression. IL6 and MPO expression positively correlated with TMB in
highly mutated tumors like LUSC and ESCA, suggesting that mutation burden may drive inflammatory gene
upregulation. Meanwhile, REN and PRL showed negative correlations with TMB in KIRC, indicating potential
suppression in tumors with high mutation loads. Figure 4f shows &-values of promoter methylation comparing
tumors and normal tissues. COL5A1 and MPO were significantly hypermethylated in STAD and BRCA tumors,
correlating with reduced expression, whereas IL10 and IFNG were hypomethylated in PAAD and LUSC,
corresponding with elevated mRNA levels and a potential pro-tumorigenic role. Finally, Gene Set Enrichment
Analysis (GSEA) was performed across multiple cancers—including CESC, GBM, HNSC, KIRC, LAML, LIHC,
LUAD, LUSC, OV, PAAD, PRAD, READ, SKCM, STAD, TGCT, and UVM. Thousands of pathways were
examined, encompassing essential cellular processes such as xenobiotic metabolism, WNT/B-catenin signaling,
unfolded protein response, and epithelial-to-mesenchymal transition (EMT), among others.
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Figure 4. Pan-Cancer Analysis of Copy Number Variation, Methylation, and Tumor Mutational Burden of
Overlapping Genes. (a) Distribution of copy number variation (CNV) among overlapping genes across 20
cancer types. Each bar represents CNV differences for a given gene across cancers, with colors distinguishing
individual tumor types (b) Differential expression of overlapping genes across multiple cancers. The top bar
chart indicates the number of genes upregulated (red) or downregulated (green) in each tumor type. The
lower dot plot depicts expression levels, where dot size reflects statistical significance (-log10 FDR) and
color corresponds to log2 fold change. (c) Correlation between gene dosage and expression. The dot plot
shows color-coded correlation coefficients between CNV and gene expression across different cancers. (d)
Impact of promoter methylation on gene expression. Correlation coefficients are color-coded to indicate how
changes in promoter methylation affect gene expression in various tumors.(e) Relationship between tumor
mutational burden (TMB) and gene expression. The dot plot presents color-coded correlation coefficients,
with dot size representing the significance (-log10 p-value), highlighting genes whose expression is
influenced by mutation load. (f) 3-values of promoter methylation in tumor versus normal tissues. This plot
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shows the differences in methylation (5-values) between tumors and normal samples, with dot size indicating
statistical significance (-log10 p-value).

Correlation of overlapping gene expression with immune cell infiltration and minor allele frequency across
cancers

This study provides a comprehensive pan-cancer exploration of the connections between key overlapping gene
expression, immune cell infiltration, tumor mutational burden (TMB), and mutation allele frequency (MAF),
highlighting their functional significance across tumor types. We employed CIBERSORT to generate heatmaps,
radial plots, and MAF maps to systematically investigate these relationships.

Heatmaps in Figures 5a-5j illustrate how the expression of genes such as ACE, CCL2, COL1AL, COL5AL, F2,
IFNG, IL1B, IL6, IL10, MPO, PRL, and REN correlates with the presence of various immune cells, including B
cells, CD8+ T cells, regulatory T cells, NK cells, macrophages, immature and activated dendritic cells, and mast
cells. These patterns underscore the potential influence of these genes on shaping the tumor immune
microenvironment.

Radial plots (Figure 5k) revealed a bimodal expression pattern of TMB-associated genes across cancers,
suggesting that these genes may play regulatory roles in the accumulation of mutations. Meanwhile, MAF
heatmaps (Figure 5lI) highlighted differences in mutation frequencies among cancers, reflecting tumor
heterogeneity and the diverse selective pressures acting on these genes during tumor development.

Together, these analyses shed light on the genetic and immunological features of tumors, uncover potential
biomarkers for cancer prognosis and detection, and provide insight into the molecular mechanisms that could
drive tumor progression.
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Figure 5. Pan-Cancer Analysis of Overlapping Genes, Immune Infiltration, TMB, and MAF.

(a—j) Correlation heatmaps depicting how the expression of twelve key genes (ACE, CCL2, COL1A1,
COLS5AL, F2, IFNG, IL1B, IL6, IL10, MPO, PRL, and REN) relates to immune cell abundance across
multiple cancers. Each panel focuses on one gene and displays its associations with diverse immune
populations, including B cells, CD8+ and CD4+ T cells, NK cells, macrophages, dendritic cells, and mast
cells. The color gradient represents the strength and direction of correlation (purple for positive, green for
negative), and the size of each square reflects statistical significance, with larger squares denoting p < 0.05.
(k) Radial plots illustrating TMB-associated expression patterns of the same genes across cancers. The plot’s
circular layout maps different cancer types along the circumference, while the colored lines trace gene
expression trends in relation to TMB, standardized for cross-comparison. Correlations were quantified using
Pearson coefficients.

(1) Heatmap showing minor allele frequencies (MAF) for overlapping genes across cancer types. Each cell
corresponds to a specific gene-cancer pair, with deeper colors indicating higher allele frequency. Chi-square
tests were applied to evaluate the significance of these variations.

Pathway analysis in various tumors

A combined evaluation of promoter methylation, its impact on gene expression, and pathway-level activity can
provide important insights into mechanisms of tumor development across cancers. Figure 6a shows heatmaps of
promoter methylation across multiple tumor types, where red indicates markedly higher methylation in tumors
compared to normal tissue, and blue indicates lower methylation levels. In Figure 6b, promoter methylation is
plotted against mRNA expression, with red highlighting positive correlations and blue indicating inverse
relationships, emphasizing the complex regulatory effects of methylation on gene expression. Boxplots in Figures
6¢c—6f display Z-scores for pathway activity in tumor versus normal tissues across various cancers. The Wilcoxon
Rank Sum Test was used to evaluate statistical significance, revealing notable differences in pathway activity
between tumor and normal samples, with specific patterns varying by cancer type. Figure 6g presents KEGG
pathway enrichment as a scatter plot. Dot size reflects the proportion of genes enriched in each pathway, while
the color gradient from yellow to blue represents significance levels, pinpointing key pathways that are highly
activated in tumors and may serve as potential therapeutic targets Finally, Figure 6h shows a radial plot
summarizing GO enrichment analysis, providing a visual overview of the biological processes most affected in
tumors.
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(a) Heatmap depicting promoter methylation differences across multiple cancer types. Rows represent

individual genes, and columns correspond to specific cancers. Red indicates higher methylation in tumor
tissues relative to normal tissues, while blue reflects lower methylation levels. (b) Heatmap showing the
relationship between promoter methylation and mRNA expression across cancers. Each row represents a
gene and each column a cancer type. Red denotes a positive correlation, whereas blue indicates a negative
correlation, illustrating the complex regulatory effects of methylation on gene expression (c—f) Boxplots
comparing pathway activity Z-scores between tumor and normal tissues across various cancers. The vertical

axis lists cancer types, and the horizontal axis represents Z-scores for pathway activity. Statistical

significance was assessed using the Wilcoxon Rank Sum Test. (g) Scatter plot summarizing KEGG pathway
enrichment. Dot size reflects the proportion of genes enriched in each pathway, while the color gradient from
yellow to blue indicates significance, with yellow marking the most significant pathways. This visualization

highlights key pathways potentially involved in tumor development. (h) Radial plot illustrating Gene

Ontology (GO) enrichment. The radius of each segment corresponds to the negative log10 of the adjusted p-
value, with larger sectors representing higher enrichment. A gray circle indicates an adjusted p-value of 0.05.
This plot emphasizes the most significantly enriched GO terms, revealing critical molecular functions and

biological processes altered in cancer.

Anti-inflammatory and antioxidative effects of DHA and EPA on LPS-stimulated RAW 264.7 cells and cancer

cells

This study explored the protective effects of the omega-3 fatty acids DHA and EPA against inflammation and
cancer cell growth. In LPS-activated RAW 264.7 macrophages, both compounds substantially reduced reactive
oxygen species (ROS), as measured by flow cytometry, compared with cells treated with LPS alone (Figure 7a).

176




Méndez et al., Metabolic Reprogramming, Genomic Alterations, and Post-Translational Modifications in Pulmonary
Hypertension and Cancer: Implications for Biomarkers and Therapeutic Targeting

Using immunofluorescence, we observed that DHA and EPA markedly suppressed the expression of key
inflammatory cytokines, including IL-6 and IL-1B, relative to LPS-stimulated controls (Figures 7b and 7c). This
demonstrates their ability to dampen inflammatory signaling at the cellular level.

The impact on cancer cell proliferation was examined through colony formation assays in multiple cell lines
(LNCaP, HCT116, HepG2, and A549). Treatment with DHA or EPA resulted in a pronounced reduction in colony
numbers, indicating effective inhibition of tumor cell growth (Figure 7d).

Furthermore, the nuclear translocation of SUMOQL1, a stress-responsive protein, increased under LPS stimulation,
but both DHA and EPA reduced its nuclear localization (Figure 7e), suggesting modulation of stress-related
signaling pathways.

Taken together, these findings indicate that DHA and EPA act as both antioxidants and anti-inflammatory agents
by lowering ROS and downregulating pro-inflammatory cytokines. Their inhibitory effects on cancer cell
proliferation and regulation of SUMOL1 translocation highlight their potential as therapeutic interventions targeting
inflammation and tumor progression.
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Figure 7.

In this study, we employed two-sample Mendelian randomization (MR) to examine the causal relationships
between metabolites and pulmonary hypertension (PH) [17, 18]. Our analyses identified 57 metabolites with
significant causal associations to PH. Notably, metabolites such as piperidine, glucuronide, and N-lactoyl-valine
showed positive correlations with PH, whereas scoparone (C26) and docosahexaenoic acid (DHA) were
negatively associated, suggesting potential protective effects [19]. These findings underscore the metabolic
underpinnings of PH and point to specific biochemical pathways that may contribute to its development.
Complementing these findings, pan-cancer genomic analyses revealed substantial alterations in copy number
variations, DNA methylation, and tumor mutational burden (TMB) in ASOH genes linked to both PH and various
cancers. Genes such as IL6, IL1B, and COL1A1 emerged as central players in gene set enrichment and tumor
prediction analyses, highlighting the shared relevance of these genomic perturbations across disease contexts.
This overlap suggests that transcriptional changes in metabolically regulated genes may drive genomic alterations
in both PH and cancer [20, 21].

The identification of these 57 metabolites strengthens the understanding of PH pathogenesis and offers insights
into potential regulatory mechanisms. For instance, phenolic compounds in lentils possess antioxidant properties
capable of reducing oxidative stress and alleviating PH symptoms [22-24]. Similarly, studies on arsenic sulphide
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in cancer highlight how metabolic substances can influence gene expression through pathways such as HIF-
1a/VEGF, drawing parallels with metabolic regulation in PH [25]. Exercise-induced biomarkers also provide a
novel perspective on non-pharmacological interventions in PH [26, 27]. Our previous findings on DHA and EPA
demonstrate their ability to regulate ROS production and inflammatory cytokines, thereby improving endothelial
function and mitigating vascular inflammation.

Certain metabolites, including piperidine glucuronide and N-lactoyl-valine, appear to exacerbate PH, while
compounds like scoparone and DHA may act as protective agents and potential therapeutic targets [28, 29]. This
aligns with existing literature linking metabolic dysregulation to cardiovascular disease, extending these
associations specifically to PH [30, 31]. The pan-cancer analysis further illuminates genomic alterations in
overlapping genes, showing interconnected changes in copy number, methylation, and TMB, which are crucial
for understanding cancer development and evolution [32, 33]. These findings support a shared inflammatory basis
between PH and cancer, particularly involving IL6 and IL1B, while collagen genes such as COL1A1 and COL5A1
highlight extracellular matrix remodeling as a common pathological feature [34, 35].

DHA and EPA effectively attenuate vascular inflammation and remodeling, potentially through modulation of
PPAR and NF-«B signaling, thereby improving pulmonary vascular function [36]. Their anti-inflammatory effects
may also complement cancer therapies by downregulating pro-tumorigenic cytokines, enhancing the efficacy of
chemotherapy and radiotherapy, and reducing treatment-related side effects [37]. Moreover, these omega-3 fatty
acids can serve as dietary adjuncts to support immune function and mitigate cachexia in cancer patients [38]. The
observed involvement of signaling pathways such as APC/Wnt/B-catenin in both PH and cancer further
emphasizes the relevance of these findings for integrated disease management [39, 40].

Despite the comprehensiveness of this study, there are limitations. MR analyses rely on the availability and
reliability of genetic instruments, and pleiotropy can confound causal inference [41, 42]. Cohort-specific biases
and the use of single-cohort GWAS datasets may limit generalizability, while differences in genetic backgrounds
across populations can introduce confounding. Measurement errors in metabolite levels may also attenuate causal
estimates. Similarly, pan-cancer analyses may not capture all genetic heterogeneity due to the complexity of
tumors [43-45]. Future studies should aim to replicate these findings in larger and more diverse populations to
validate the observed mechanisms [46, 47].

Our integrative approach, combining MR and pan-cancer analyses, highlights the interconnected roles of
metabolites and genomic alterations in PH and cancer. Understanding these relationships may facilitate the
development of targeted therapies that modulate metabolic pathways [48]. Pan-cancer findings also identified
potential biomarkers for early cancer detection and prognosis, guiding therapeutic strategies [49, 50]. Studies in
network pharmacology and molecular docking, as well as investigations into HER2 and PRMTS5 in cancer, support
the utility of integrating metabolic and genetic information for precision medicine approaches [51-53]. This multi-
faceted approach underscores the value of exploring metabolic-genomic interactions to inform personalized
interventions for PH and associated malignancies.

Mechanistically, DHA and EPA were shown to reduce oxidative stress and inflammatory responses in both
macrophages and cancer cells, including the nuclear translocation of SUMOylated proteins, which are central to
stress and inflammatory signaling [54, 55]. By attenuating oxidative stress, these fatty acids limit SUMO-mediated
activation of stress-response genes. SUMOylation also regulates key transcription factors such as NF-xB and
STAT], influencing inflammation and tumor progression [56-58]. Furthermore, SUMOylation modulates tumor
suppressors like p53 and HIF-1a, affecting apoptosis and cancer progression, and pharmacological inhibitors
targeting SUMO pathways (e.g., TAK-981) are under investigation as anticancer therapies [59, 60]. DHA and
EPA may act through similar mechanisms to reduce inflammation, enhance cellular function, and exert anti-tumor
effects.

Collectively, these findings deepen clinical understanding of the links between PH and cancer, offering avenues
for early diagnostics, biomarker development, and targeted therapies. DHA and EPA demonstrate therapeutic
potential by mitigating oxidative stress, inflammation, and vascular remodeling, and future studies should validate
these effects in experimental and clinical trials. Integrating multi-omics approaches, including proteomics and
transcriptomics, in pan-cancer studies will further elucidate the molecular interplay between metabolites, PH, and
cancer, paving the way for innovative interventions and precision medicine strategies.

Conclusion
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This study uncovers novel connections between metabolic processes and pulmonary hypertension (PH), while
also mapping genomic alterations shared across multiple cancer types. By combining insights from Mendelian
randomization with pan-cancer genomic data, the research points to specific metabolites and genes that could
serve as actionable biomarkers or targets for therapy. Tailoring treatments based on these molecular signatures
has the potential to enhance therapeutic effectiveness and limit adverse effects. Moving forward, validation of
these biomarkers in diverse, well-defined patient cohorts is essential. Additionally, large-scale, multicenter
clinical studies will be critical to ensure that these findings are broadly applicable across different populations and
cancer contexts.
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