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Abstract

Lung adenocarcinoma, the most common subtype of non-small cell lung cancer (NSCLC), is marked by metabolic
reprogramming and mitochondrial dysregulation. Long-form collapsin response mediator protein-1 (LCRMP-1) is
implicated in tumor progression, but its role in mitochondrial transcriptional regulation remains unclear. Using publicly
available microarray data (GSE308874) from lung adenocarcinoma cell lines with LCRMP-1 overexpression or
silencing, differentially expressed genes (DEGs) were identified, and mitochondrial-associated genes were analyzed via
Gene Ontology (GO), kyoto encyclopedia of genes and genomes (KEGG) enrichment, protein-protein interaction (PPI),
co-expression, and network clustering. Transcriptomic factor enrichment and drug perturbation analyses were
performed to uncover upstream regulators and therapeutic targets, and prognostic relevance was assessed using Kaplan-
Meier survival analysis. LCRMP-1 modulation induced widespread transcriptomic changes, prominently affecting
mitochondrial genes involved in oxidative phosphorylation (OXPHOS), respiration, redox balance, and metabolism.
Network analysis revealed a core mitochondrial module including CYCS, NDUFAB1, TUFM, VDAC1, TOMM?20,
ETFA, SSBP1, and SUCLA2, regulated by PRDM2, MLX, E2F4, and HMGN3, with drug perturbation profiles
indicating potential pharmacological interventions. Several mitochondrial genes, notably TUFM and CYCS, correlated
significantly with patient survival. This integrative study highlights LCRMP-1-mediated mitochondrial reprogramming
as a key feature of lung adenocarcinoma and identifies hub genes and regulators as potential biomarkers and therapeutic
targets.
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1. Introduction

Lung cancer continues to be the leading cause of cancer-related mortality worldwide, accounting for millions of deaths
annually, with non-small cell lung cancer (NSCLC) representing the majority of cases. Among NSCLC subtypes, lung
adenocarcinoma is the most prevalent and is characterized by remarkable molecular heterogeneity, aggressive tumor
behavior, and a high propensity for metastasis [1]. Despite significant advances in early detection, targeted therapy, and
immunotherapy, the overall survival of lung adenocarcinoma patients remains unsatisfactory. Therapeutic resistance
and disease recurrence are common challenges, underscoring the need for a deeper understanding of the molecular
mechanisms driving tumor progression and identifying novel prognostic and therapeutic targets [2].

Mitochondria are central regulators of cellular metabolism, energy homeostasis, and apoptotic signaling, and their
dysregulation has been increasingly recognized as a hallmark of cancer. In tumor cells, mitochondrial bioenergetics are
often rewired to meet the elevated demands for ATP production, biosynthesis, and redox balance, facilitating cancer cell
survival and proliferation [3]. Alterations in mitochondrial gene expression, dynamics, and function have been
associated with enhanced metastatic potential, chemoresistance, and poor clinical outcomes in lung adenocarcinoma.
The ability of mitochondria to integrate metabolic signals with stress responses and apoptotic pathways makes them
critical hubs for understanding cancer biology and identifying novel therapeutic vulnerabilities (Figure 1).
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Figure 1. Mitochondrial miRNAs that regulate the expression of major mitochondrial proteins in Adenocarcinoma.
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Long-form collapsin response mediator protein-1 (LCRMP-1) is a cytoskeleton-associated protein that has been
implicated in promoting cancer cell invasion, migration, and metastasis. Previous studies have demonstrated that high
LCRMP-1 expression correlates with poor prognosis in lung adenocarcinoma patients [4]. While its role in cytoskeletal
remodeling and cell motility is well established, emerging evidence suggests that LCRMP-1 may also influence
mitochondrial function and metabolic reprogramming, linking structural and bioenergetic adaptations in tumor cells.
The precise mechanisms by which LCRMP-1 regulates mitochondrial gene expression and function, however, remain
largely unexplored. Integrative transcriptomic and network-based analyses provide a powerful framework for
elucidating complex molecular regulatory mechanisms in cancer [5]. By combining differential gene expression
analysis with pathway enrichment, protein-protein interaction (PPI) networks, gene co-expression analysis, and
upstream transcription factor (TF) identification, it is possible to map functional modules that orchestrate key aspects of
tumor biology. Leveraging pharmacological perturbation datasets enables the identification of candidate drugs that can
target these networks, offering translational relevance for therapeutic development [6].

In the present study, we applied a comprehensive transcriptomic approach to investigate the impact of LCRMP-1 on
mitochondrial gene expression in lung adenocarcinoma. Using publicly available microarray data, we identified
differentially expressed mitochondrial genes and characterized their functional roles through Gene Ontology (GO) and
kyoto encyclopedia of genes and genomes (KEGG) pathway enrichment analyses [7]. PPI and co-expression network
analyses were conducted to uncover central hub genes and key mitochondrial modules, while upstream TF and potential
pharmacological modulators were explored through integrated enrichment analyses. Finally, the prognostic significance
of prioritized mitochondrial genes was assessed in lung adenocarcinoma patient cohorts. This integrative study provides
novel insights into LCRMP-1-mediated mitochondrial reprogramming, highlights mitochondrial hub genes as potential
biomarkers, and offers a foundation for identifying therapeutic strategies targeting mitochondrial vulnerabilities in lung
adenocarcinoma.

2. Methods and Materials

2.1 Data Retrieval and Dataset Selection

Publicly available transcriptomic data were obtained from the NCBI Gene Expression Omnibus (GEO) under accession
number GSE308874, which contains microarray-based gene expression profiles of human lung adenocarcinoma cell
lines Human lung adenocarcinoma cell line CL1-0 (CL1-0) and Human lung adenocarcinoma cell line CL1-5 (CL1-5)
with experimentally manipulated LCRMP-1 expression [8]. The dataset includes CL1-0 cells overexpressing LCRMP-1
using two independent clones compared with vector control cells, as well as CL1-5 cells with LCRMP-1 silencing
compared with scramble control cells, with each experimental condition generated using two biological replicates. Gene
expression profiling was performed using the Phalanx Human OneArray Ver. 6 Release 1 platform (GPL16951). Raw
expression data and associated metadata were downloaded from the GEO repository, and sample annotations were
verified using Series Matrix and MINiML files. Standard preprocessing and quality control procedures appropriate for
one-color microarray data were applied, including background correction and normalization, to minimize technical
variation and enable reliable comparison of gene expression across experimental groups.

Differential gene expression analysis was conducted in R (version 4.3.1) using the limma package (version 3.56.2), with
background-corrected and quantile-normalized one-color microarray data; linear models were fitted using default
settings, and statistical significance was determined using Benjamini-Hochberg false discovery rate (FDR) correction,
with adjusted P < 0.05 considered significant. Probe-to-gene mapping was performed using the GPL16951 platform
annotation file provided by GEO.

2.2 Identification of Differentially Expressed Genes (DEGs)

Differential expression analysis was conducted using the normalized microarray expression data obtained from the
GSE308874 dataset. Samples were assigned to cancer and normal groups based on the GEO-provided annotations.
Gene expression values were log2 transformed where appropriate, and probes were mapped to corresponding gene
symbols using the platform annotation file (GPL16951), with probes lacking valid gene annotations excluded from
further analysis. Statistical comparisons between groups were performed using a linear modeling approach suitable for
microarray data, and P values were adjusted for multiple testing using the Benjamini-Hochberg FDR method. Genes
meeting the predefined significance criteria of adjusted P value < 0.05 were considered differentially expressed.
Visualization of the analysis was carried out using volcano plots, mean-difference (MA) plots, boxplots, and expression
density plots to assess data distribution, normalization performance, and analytical robustness.

2.3 Retrieval of Regulated Mitochondrial Genes

To specifically examine mitochondrial involvement at the transcriptional level, an additional gene-filtering strategy was
applied focusing on mitochondrial-associated genes. A curated reference list of human mitochondrial genes was
obtained from established mitochondrial databases and GO resources related to mitochondrial localization and function.
Following differential expression analysis, gene identifiers were standardized and intersected with the mitochondrial
gene reference set to extract genes linked to mitochondrial structure, metabolism, and signalling [9]. This approach
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enabled the systematic identification of mitochondrial-related genes within the broader expression dataset while
maintaining analytical rigor and reproducibility. Given the central role of mitochondria in cellular energy production,
redox homeostasis, apoptosis, and metabolic reprogramming, focusing on mitochondrial genes provides a biologically
relevant framework for understanding transcriptional alterations associated with cancer progression and cellular
phenotypic changes.

2.4 Pathways Enrichment Analysis

GO and KEGG pathway enrichment analyses were performed to systematically characterize the functional attributes of
the selected gene set [10]. GO analysis was conducted to annotate genes across the three standard domains: Biological
Process (BP), Molecular Function (MF), and Cellular Component (CC). Enrichment analysis was carried out using a
curated annotation database, and statistically overrepresented GO terms were identified by comparing the input gene list
against an appropriate background gene set. Multiple testing correction was applied using the Benjamini-Hochberg
FDR method, and adjusted p values below a predefined threshold were considered statistically significant. Enrichment
scores were calculated as -logio (p value) to facilitate comparative visualization across categories.

KEGG pathway enrichment analysis was performed to identify significantly overrepresented signaling and metabolic
pathways associated with the gene set. Genes were mapped to KEGG pathway identifiers, and pathway
overrepresentation was assessed using a hypergeometric or equivalent statistical test. Similar to GO analysis, multiple
hypothesis testing correction was applied to control the FDR [11], and significantly enriched pathways were selected
based on adjusted p value criteria. The enrichment results from both GO and KEGG analyses were visualized using
appropriate graphical representations, including dot plots and network-based diagrams, to enable systematic
interpretation of functional patterns within the dataset [12]. Mitochondrial gene filtering was performed by intersecting
DEGs with curated mitochondrial gene sets derived from GO mitochondrial terms and published mitochondrial
databases. GO (BP, CC, MF) and KEGG pathway enrichment analyses were carried out using clusterProfiler (version
4.8.3) with default hypergeometric testing, FDR correction enabled, minimum gene count set to 2, and q-value cutoff of
0.05; enrichment scores were calculated as -log10 (p-value).

2.5 Protein-Protein Interaction Network

PPI analysis was performed using the list of highly differentially expressed mitochondrial genes as input.
Experimentally validated and predicted interactions were retrieved from a curated PPI database and assembled into an
interaction network [13]. The network was visualized and analyzed using network analysis software to assess
topological properties, including node degree and connectivity, enabling the identification of highly connected hub
proteins. A refined subnetwork was extracted based on interaction density to highlight core functional modules, and
genes were prioritized by integrating differential expression metrics with network centrality measures, resulting in the
selection of the top 10 mitochondrial genes for downstream analysis [14].

PPI networks were constructed using STRING database (version 11.5) with a minimum interaction confidence score of
0.4, and networks were visualized and analyzed in Cytoscape (version 3.10.1) using node degree and connectivity for
hub gene identification.

2.6 Genes Co-expression

Gene co-expression analysis was performed using the prioritized mitochondrial genes to evaluate coordinated
expression patterns. Gene expression correlation data were retrieved from a curated co-expression database, integrating
experimentally observed co-expression in Homo sapiens and inferred co-expression transferred from orthologous genes
in other organisms. Pairwise gene-gene associations were computed based on correlation strength, and significant co-
expression relationships were visualized as triangular heatmap matrices. Cross-species conservation of co-expression
was assessed by mapping orthologous relationships, enabling identification of evolutionarily conserved transcriptional
modules among mitochondrial genes [15]. Network clustering was performed using the MCODE plugin (version 2.0.2)
with default parameters (degree cutoff = 2, node score cutoff = 0.2, K-core = 2). Gene co-expression analysis was
performed using STRING co-expression channels and all RNA-seq and chromatin immunoprecipitation sequencing
(ChIP-seq) sample and signature search all RNA-seq and ChIP-seq sample and signature search (ARCHS4) (2024
release), with Pearson correlation-based associations and cross-species transferred co-expression enabled. TF
enrichment analysis integrated datasets from encyclopedia of DNA elements (ENCODE) (2023 release), ReMap (2024),
and genotype-tissue expression (GTEx) v8, using default enrichment thresholds.

2.7 Integrated Network and Clustering Analysis

An integrated network and clustering analysis was conducted using the prioritized mitochondrial genes to identify key
functional modules. PPI data were retrieved from a curated interaction database and imported into network analysis
software [16]. The network was clustered using a topology-based clustering algorithm to define densely connected gene
modules, with nodes grouped according to shared interaction patterns. Cluster composition, connectivity, and centrality
measures were evaluated to identify hub genes with active roles in mitochondrial function. Genes exhibiting high intra-
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cluster connectivity and strong interaction density were prioritized, resulting in the identification of eight core
mitochondrial genes for downstream interpretation [17].

2.8 Transcriptomic Factor and Drug Therapeutics

Transcriptomic factor and drug-perturbation analyses were performed using a multi-database enrichment framework.
The input gene signature was first subjected to TF enrichment analysis by integrating co-expression resources
(ARCHS4 and GTEx) with chromatin immunoprecipitation datasets from ENCODE, ReMap, and literature-curated
ChIP-seq repositories to identify putative upstream regulators. Drug-gene expression associations were then evaluated
using DrugMatrix [18] to assess in vivo toxicogenomic perturbation profiles, the Proteomics Drug Atlas (2023) to
capture drug-induced protein-level changes, and Sciplex Drug Perturbation Signatures (2025) to analyze single-cell
transcriptional responses across multiple cell lines, doses, and time points. Enrichment scores and directional regulation
were computed for each dataset, and statistically significant overlaps between the query signature and perturbation
profiles were aggregated to generate an integrated regulatory and pharmacological interaction map. Drug perturbation
analyses were conducted using DrugMatrix, Proteomics Drug Atlas (2023), and Sciplex Drug Perturbation Signatures
(2025) with default enrichment and overlap scoring parameters.

2.9 Survival and Prognostic Analysis

A Kaplan-Meier survival analysis was performed to evaluate the prognostic relevance of selected mitochondrial and
metabolic genes in lung adenocarcinoma [19]. Gene-specific Affymetrix probe IDs were queried using the KM Plotter
platform, restricting analyses to overall survival and applying median expression values to dichotomize patients into
high- and low-expression cohorts [20]. Default settings were maintained for clinical covariates, including histology,
tumor stage, grade, American joint committee on cancer (AJCC) classifications, treatment history, and smoking status,
ensuring an unbiased and inclusive dataset. Median expression cutoffs were computed using user-selected probe sets,
with censored samples retained according to platform guidelines. Array quality controls were applied to exclude biased
datasets. The platform generated Kaplan-Meier curves [21], hazard metrics, and median survival estimates for each
gene, which were subsequently compiled for comparative interpretation and downstream biomarker selection. Survival
and prognostic analyses were performed using the Kaplan-Meier Plotter online tool (accessed January 2025) with
median expression cutoffs, overall survival as the endpoint, auto-selected Affymetrix probe sets, and default clinical
covariate settings.

3. Results

3.1 Data Retrieval and Dataset Selection

Analysis of the GSE308874 dataset revealed that modulation of LCRMP-1 expression induced distinct and consistent
transcriptomic changes in lung adenocarcinoma cells. In CL1-0 cells, overexpression of LCRMP-1 in both independent
clones resulted in concordant alterations in gene expression compared with vector controls, indicating robust effects
attributable to LCRMP-1 rather than clonal variation. Conversely, silencing of LCRMP-1 in CL1-5 cells led to an
opposing expression pattern relative to scramble controls, further supporting a regulatory role for LCRMP-1.
Differential expression analysis identified a subset of genes that were consistently upregulated upon LCRMP-1
overexpression and downregulated upon LCRMP-1 knockdown, many of which are functionally associated with
angiogenesis, transcriptional regulation, and cancer-related signaling pathways. These reciprocal expression trends
across gain- and loss-of-function models suggest that LCRMP-1 acts as a transcriptional co-regulator that promotes
angiogenic and pro-tumorigenic gene programs in lung adenocarcinoma cells.

3.2 Identification of DEGs

Differential expression analysis of the GSE308874 microarray dataset identified a substantial number of DEGs between
cancer and normal conditions using an adjusted P value threshold of < 0.05. As shown in the volcano plot (Figure 2A),
numerous genes exhibited significant expression changes, with clearly separated clusters of upregulated genes (red) and
downregulated genes (blue), indicating robust transcriptional differences between the two groups. The magnitude and
statistical significance of these changes suggest widespread dysregulation of gene expression associated with the cancer
phenotype. Consistently, the MA plot (Figure 2B) demonstrated a broad distribution of log2 fold changes across the
range of expression values, with both highly expressed and moderately expressed genes contributing to the pool of
DEGs, further supporting the reliability of the differential expression results. Quality assessment of the normalized data
showed comparable expression distributions across all samples, as evidenced by the boxplots (Figure 2C), indicating
effective normalization and minimal technical bias. In addition, the expression density plots (Figure 2D) revealed highly
overlapping intensity distributions between cancer and normal samples, confirming overall data consistency while still
allowing for distinct gene-level expression differences. Together, these analyses confirm the successful identification of
DEGs and provide a solid foundation for downstream functional and pathway enrichment analyses.
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Figure 2. Identification of DEGs in GSE308874, showing volcano plot, mean-difference plot (MA plot), boxplots of normalized
expression values, and expression density distributions between cancer and normal samples (adjusted P < 0.05).

3.3 Retrieval of Regulated Mitochondrial Genes

A comprehensive screening of the differentially expressed gene dataset was performed to identify genes associated with
mitochondrial structure and function. By intersecting the list of DEGs with curated mitochondrial gene annotations
obtained from established mitochondrial gene resources, a total of 983 mitochondrial-related genes were retrieved from
the dataset. These genes represent a broad spectrum of mitochondrial processes, including oxidative phosphorylation
(OXPHOS), energy metabolism, mitochondrial biogenesis, and regulation of apoptotic signaling. The identification of
this large subset of regulated mitochondrial genes indicates that mitochondrial pathways are extensively involved in the
transcriptional alterations observed in the dataset and provides a focused gene set for subsequent functional enrichment
and mechanistic analyses [22].

3.4 Pathways Enrichment Analysis

Pathway enrichment analysis was performed to functionally characterize the regulated mitochondrial genes and to
identify BP disproportionately represented within this gene set. GO-based enrichment focusing on BP was used to
evaluate the involvement of mitochondrial genes in cellular metabolism, respiration, and energy production. Enrichment
significance was assessed using adjusted P values, and pathways were ranked according to enrichment scores and gene
counts. This approach enabled systematic identification of mitochondrial pathways potentially impacted at the
transcriptional level and provided biological context for interpreting mitochondrial gene regulation in the dataset [23].

The BP enrichment results revealed that mitochondrial-related pathways were predominantly associated with cellular
respiration, aerobic respiration, and electron transport chain (ETC) activity, as visualized by both the chord diagram and
dot plot. The chord diagram illustrates extensive gene-pathway connectivity, highlighting coordinated regulation across
multiple mitochondrial processes, including energy derivation by oxidation of organic compounds and generation of
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precursor metabolites and energy. The dot plot further demonstrates that these pathways exhibit high enrichment scores
and large gene counts, with particularly strong significance observed for cellular respiration and aerobic respiration [24].
Additional enriched terms related to mitochondrial transport, gene expression, translation, and respiratory chain
complex assembly emphasize widespread modulation of mitochondrial structure and function, underscoring the central
role of mitochondrial bioenergetics in the analyzed condition (Figure 3). The top 10 BP enrichment results revealed in
Table 1. The top 10 GO BP terms for descriptive ranking purposes, while the full enrichment statistics are shown in

Figure 3.

Table 1. The g-values reflect global FDR adjustment across the complete GO output rather than recalculation within the truncated
table. The term with p = 1.0 is not interpreted as significant and does not affect downstream analyses or conclusions. We have
clarified this in the revised table caption.

. L. Gene . Enrichment. Fold.
ID Description Ratio BgRatio P value Qvalue GenelID Count Score Enrichment
GO:0198738 Cell-cell signaling 0,5 446,173 0.837TH1  onpary 1 5.03826E-11  0.04538359
by wnt 134
GO:0016055 Wt signaling \0)5 4418703 0837H1L  sppary 1 5.5897B-11  0.04558802
pathway 134
_ C1QBP/
GO:0001667 23?%“111&?56 3/925 475/18723 8'99199999 (1"3?71“ GPX1 3 3.87182E-09 0.127838407
& /SYNJ2BP
‘ . 0.999999 0.837111 AFG3L2
GO:0007409 axonogenesis 21925 418/18723  goc 134 IBCL2 2 5.00792E-09 0.096847278
transmembrane
receptor  protein
GO:0007178 serine/threonine 1/925 355/18723 (9)'89799999 (1)';?7111 FKBPS8 1 5.6174E-09 0.05701713
kinase  signaling
pathway
regulation of actin
, 0.999999 0.837111 PICK1/
GO:0032970 filament-based  2/925  397/18723 o 134 SPIREL 2 1.41379E-08 0.101970182
process
GO:0030111 "egulation of Wnt ) )5 35010993 0999999 083711 gryyapy 2.26444E-08  0.061710613
signaling pathway 948 134
. _ PHB/PHB2/
GO:0043410 Positive regulation 5 g 0mny 0999999 083711 gy, 4 2.69757E-08 0.168675676
of MAPK cascade 938 134
/PRDX2
RNA splicing, via
GO:0000375 transesterification  1/925 324/18723 (9"39699999 (1)'3?71“ C1QBP | 2.7834E-08  0.062472472
reactions
regulation of
‘ 0.999999 0.837111 PICK1/
G0:0032535 cellular 21925 383/18723 g 134 SPIREI 2 2.81809E-08 0.105697551
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Figure 3. BP of regulated mitochondrial genes showing significant enrichment of mitochondrial bioenergetics and respiratory
processes.

The CC and GO enrichment analysis demonstrated a strong and highly significant association of the analyzed gene set
with mitochondrial structures, highlighting mitochondria as the primary subcellular localization of these genes. The
most enriched terms included the mitochondrial inner membrane, mitochondrial matrix, and mitochondrial protein-
containing complexes, with exceptionally high enrichment scores (-logl0 p values ~80), indicating robust statistical
significance. Enrichment of terms such as inner mitochondrial membrane protein complex, integral and intrinsic
components of the mitochondrial membrane further suggests that a large proportion of these genes encode membrane-
associated or membrane-embedded proteins. Additionally, the significant representation of mitochondrial ribosome and
organellar ribosome categories points to a functional involvement in mitochondrial protein translation, while
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enrichment of mitochondrial and organelle outer membrane terms indicates broader distribution across mitochondrial
subcompartments. Collectively, these findings underscore a dominant mitochondrial localization of the gene set,
supporting their potential roles in mitochondrial structure, bioenergetics, and organelle-specific metabolic and
translational processes (Figure 4). The top 10 CC enrichment results revealed in Table 2.
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Figure 4. CC and GO enrichment analysis showing predominant localization of the gene set to mitochondrial membranes, complexes,
and ribosomal structures.
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Table 2. The top 10 CC enrichment results in GO.
o Gene Bg Gene Enrichment.  Fold.
1D Description Ratio  Ratio P value Qvalue D Count Score Enrichment
GO: cell  leading 422/
0031252 edge 1/967 19550 1 0.853395318 THEM4 1 1.72387E-10 0.047907977
GO transcription 413/
0005667 regulator 1/967 19550 0.999999999  0.853395318 APEXI 1 2.74927E-10 0.048951977
complex
POLDI
GO: cell-cell 494/ P2/TME
0005911  junction 3/967 19550 0.999999996  0.853395318 M65/ 3 1.53203E-09 0.122776315
PARK7
GO: external  side 21/ IDE/GS
0009897 of plasma  2/967 19550 0.99999999 0.853395318 R 2 4.25118E-09 0.096043546
membrane
. AHCYL
GO: apical plasma 367/
0016324  membrane 2/967 19550 0.99999986 0.853395318 5/0ADCY 2 6.09734E-08 0.110175294
GO: ubiquitin 301/
0000151 ligase complex 1/967 19550 0.999999793  0.853395318 FBXL4 1 8.98929E-08 0.067166666
GO coated vesicle  1/967 o0k 0999999771  0.853395318 STXI7 1 9.96531E-08  0.067615941
0030135 19550 ' ' ' '
GO: cell projection 346/ THEM4/
0031253  membrane 2/967 19550 0.999999607  0.853395318 SNAP29 2 1.70536E-07 0.116862234
GO: endocytic 336/ RAB24/
0030139 vesicle 2/967 19550 0.99999936 0.853395318 PICK] 2 2.77869E-07 0.120340277
endoplasmic
GO: - 313/ DBI/
0005788 fz:;c;;lum 2/967 19550 0.999998042  0.853395318 FKBPIO 2 8.50546E-07 0.129183172

The MF and GO enrichment analysis revealed a strong predominance of redox-related and electron transport activities
within the analyzed gene set Figure 5. The most significantly enriched term was electron transfer activity, displaying the
highest enrichment score and gene count, indicating a central role of these genes in cellular electron transport processes.
Multiple dehydrogenase-related functions were also significantly overrepresented, including NADH dehydrogenase
activity, NADH dehydrogenase (ubiquinone) activity, and NAD(P)H dehydrogenase (quinone) activity, highlighting
extensive involvement in mitochondrial respiratory chain reactions and redox metabolism. Additionally, enrichment of
oxidoreductase activity acting on NAD(P)H, including those utilizing quinone or related compounds as electron
acceptors, further supports the dominance of OXPHOS-associated enzymatic functions. The significant representation
of oxidoreduction-driven active transmembrane transporter activity suggests coupling of redox reactions with proton or
electron translocation across membranes. Notably, the enrichment of structural constituent of ribosome indicates the
inclusion of ribosomal proteins, reflecting a link between mitochondrial bioenergetic functions and protein synthesis
machinery. Collectively, these results demonstrate that the gene set is functionally enriched for mitochondrial redox
enzymes, electron transport components, and associated transport and translational activities Figure 5. The top 10 MF
enrichment results revealed in Table 3.
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Figure 5. MF and GO enrichment analysis highlighting dominant electron transfer, oxidoreductase, and NADH dehydrogenase
activities associated with mitochondrial bioenergetic processes.
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Table 3. The top 10 MF enrichment results in GO.
o Gene Bg Gene Enrichment.  Fold.
1D Description Ratio  Ratio P value Q value ID Count Score Enrichment
ubiquitin-like
GO: protein 458/
0019787  transferase 1/940 18368 1 0.684721513  MULI 1 1.12991E-11  0.042664685
activity
ubiquitin-
GO: protein 433/
0004842  transferase 1/940 18368 1 0.684721513  MULI 1 4.34462E-11  0.045128004
activity
signaling
GO: receptor 495/ GFER/
0030546  activator 2/940 18368 1 0.684721513 ALKBHI 2 4.36856E-11  0.078951214
activity
GO: receptor 487/ GFER/
0048018 ligand activity 2/940 18368 1 0.684721513 ALKBHI 2 6.62178E-11  0.080248154
GO: GTPase 462/ DNMIL/
y activator 3/940 0.999999993  0.684721513  PGAMS/ 3 3.2156E-09 0.12688588
0005096 L 18368
activity THGIL
DNAJA3/
GTPase
GO: 488/ DNMIL/
0030695 ;i%iulitor 4/940 18368 0.999999981  0.684721513 PGAMS/ 4 8.21915E-09  0.160167422
Vi THGIL
nucleoside- DNAJA3/
GO: triphosphatase 488/ DNMIL/
0060589 regulator 4/940 18368 0.999999981  0.684721513 PGAMS/ 4 8.21915E-09  0.160167422
activity THGIL
GO ubiquitin-like 316/
0061659 protein ligase  1/940 18368 0.999999947  0.684721513  MULI 1 2.3133E-08 0.06183679
activity
GO- ubiquitin 304/
0061630 protein ligase  1/940 18368 0.999999899  0.684721513  MULI 1 4.39364E-08  0.064277716
activity
MSRB2/
GO: s 441/ MYO19/
0003779  actin binding 4/940 18368 0.999999823  0.684721513 PICK1/S 4 7.6794E-08 0.17723742
PIRE!

The KEGG pathway enrichment analysis demonstrated a strong and statistically significant overrepresentation of
pathways related to mitochondrial energy metabolism and systemic metabolic regulation (Figure 6). Among the top
enriched pathways, thermogenesis and OXPHOS exhibited the highest enrichment scores and gene counts, indicating
that a large proportion of the analyzed genes participate in mitochondrial ATP production and heat generation processes.
Additional significantly enriched pathways included diabetic cardiomyopathy, non-alcoholic fatty liver disease, and
carbon metabolism, suggesting a close functional association between mitochondrial dysfunction, metabolic
homeostasis, and cardiometabolic disorders. The enrichment of valine, leucine, and isoleucine degradation further
highlights the involvement of branched-chain amino acid metabolism, which is tightly linked to mitochondrial oxidative
capacity and energy balance. The top 10 KEGG enrichment results are shown in Table 4.
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Figure 6. KEGG pathway enrichment analysis highlighting dominant mitochondrial and metabolic pathways, including

thermogenesis, OXPHOS, and disease-associated energy metabolism pathways.
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Table 4. The top 10 KEGG enrichment pathways based on P-value.
. L. Gene Bg . Enrichment. Fold.
ID Description Ratio Ratio P value P. Adjust Q value Gene ID Count Score Enrichment
CYCS/BAX/BA
hsa  Colorectal 10/ 87/ KI/PMAIPI/C
0;310 C;lgefc"‘ 554 o305 0031492843 0.10914643  0.081740617 ASPY/BBC3/B 10 1.501788127 1.949458484
AD/BCL2/CAS
P3/BCL2LI1
Ascorbate ALDH9AI/AL
hsa 5/ 30/ DH2/ALDHIB
00053 ?r?i glclliarr;late 254 o305 0029308613 0.102987209 0077127928 0TS 1.533004738 2.826714801
ctabolis LDH3A42
AIFM1/SLC25
A4/VDACI/VD
AC2/SLC2545/
N 6 159/ VDAC3/SLC25
02317 Necroptosis s, 939 0025117855 0.089504468 0.067030598 A31/BAX/DNM 16 1.600017458 1706695729
1L/PGAMS/FT
H1/BID/SLC25
A6/GLUD2/CA
SP8/BCL2
PDHAI/PDHB
/CPTI4/PDHA
hsa Glucagon 12/ 107/ 2/CPT1B/PCK
0100y Sinaling  go, g0 0.023320386 0.084286538 0.063122849 2/ACACA/ACA 12 1.632264266  1.902088465
pathway CB/LDHAL6B/
LDHB/PRKAC
A/CPTIC
IDH2/GSTK1/
hsa Glutathione 59/ GSR/LAP3/
00420 motaboliom  8/35% 9306 0.021630556 0079312038 0.059397407 oo S 8 1.664932322 2299700177
MGST3/GPX4
N Bf“’symheSIS - HSD17B4/ACA
sa 0 5/554 0.019181663 0.071367068 0.053447357 AI/ACOT2/AC 5 1717113755  3.140794224
01040 unsaturated 9396
; OT7/SCP2
fatty acids
N Tvrosi 36/ GSTZI/FAHDI
03‘;50 myrt":“ﬁm 6/554  gage 0017551752 0.06627751  0.049635747 /GOT2/MAOB/ 6 1755679537 2.826714801
ctabolis MAOA/COMT
h Primary bile 17/ HSD17B4/CYP
88 acid 4/554 0.01537847  0.058950801 0.044148717 2741/SCP2/A 4 1.813086872  3.99065619
00120 % . 9396
biosynthesis MACR
hsa  Nitrogen 17/ CPS1/CA5B/C
00910 motaoism 4354 9306 0-01537847 0058950801 0.044148717 00 0T 4 1.813086872 3.99065619
VDAC2/VDAC
hsa . 42/ 3/ACSL6/ACSL
oar1e Feroplosis  7/554 (50 0.010616663 0041968996 003143091 v T 1.974011972  2.826714801
GPX4

Several neurodegenerative and stress-related pathways were significantly enriched, including Parkinson disease,
Huntington disease, and prion disease, reflecting the central role of mitochondrial respiratory chain components in
neuronal survival and neurodegeneration. The presence of chemical carcinogenesis-reactive oxygen species (ROS)
pathways underscores the contribution of these genes to redox regulation and oxidative stress responses. Detailed
pathway mapping of OXPHOS revealed extensive representation of genes encoding subunits of mitochondrial
respiratory chain complexes I-V, confirming their coordinated involvement in electron transport and ATP synthesis.
Collectively, these findings indicate that the gene set is predominantly enriched in mitochondrial bioenergetic,
metabolic, and redox-related pathways with broad relevance to metabolic, cardiovascular, and neurodegenerative
diseases (Figure 7).
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Figure 7. KEGG OXPHOS pathway map illustrating extensive involvement of the identified genes across mitochondrial respiratory
chain complexes I-V.

3.5 Protein-Protein Interaction Network

To explore the functional relationships among differentially expressed mitochondrial genes, a PPl network was
constructed. As shown in Figure 8A, the global PPI network revealed a highly interconnected architecture, indicating
extensive functional coordination among mitochondrial proteins. The dense core of the network suggests the presence
of key hub proteins with high connectivity, which are likely to play central roles in mitochondrial metabolism,
bioenergetics, and protein import. Peripheral nodes showed fewer interactions, reflecting more specialized or context-
dependent functions. A refined subnetwork analysis (Figure 8B) highlighted strong interaction patterns among a subset
of mitochondrial proteins. Notably, proteins such as TUFM, VDACI, NDUFABI1, CYCS, translocase of outer
mitochondrial membrane (TOMM) 20, MTCHI, ETFA, SSBP1, SUCLA2, and COX18 displayed multiple interactions
with one another, underscoring their coordinated involvement in mitochondrial OXPHOS, metabolite transport, and
mitochondrial protein biogenesis. TUFM and VDACI, in particular, emerged as interaction-rich nodes, suggesting their
importance in maintaining mitochondrial functional integrity. Further visualization of the core interaction module
(Figure 8C) emphasized the central positioning of CYCS and NDUFABI, which showed strong connectivity with
several other mitochondrial proteins. CYCS is a critical component of the ETC and apoptotic signaling, while
NDUFABI is essential for complex I assembly and fatty acid metabolism. Their hub-like behavior supports their
regulatory significance within the mitochondrial interaction network.
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Figure 8. PPI network of highly differentially expressed mitochondrial genes, illustrating the global interaction landscape (A), a
refined interaction subnetwork (B), and the prioritized core module highlighting the top 10 hub mitochondrial proteins (C).

Prioritization of key mitochondrial genes: Based on network topology parameters, including degree of connectivity and
interaction density, we prioritized the top 10 highly differentially expressed mitochondrial genes: CYCS, NDUFABI,
TUFM, VDACI1, TOMM20, MTCHI1, ETFA, SSBP1, SUCLA2, and COX18. These genes represent central hubs
within the PPI network and are likely to have substantial functional impact on mitochondrial dynamics and energy
metabolism. Their prioritization provides a focused set of candidate genes for downstream functional validation and
mechanistic studies aimed at understanding mitochondrial dysregulation in the studied condition.

3.6 Genes Co-expression

Gene co-expression analysis of the prioritized mitochondrial genes revealed consistent and conserved expression
relationships across species. As shown in the figure, several strong co-expression signals were observed among
NDUFABI, TUFM, CYCS, VDAC1, TOMM20, ETFA, SSBP1, MTCH1, COX18, and SUCLA2 in Homo sapiens,
indicating coordinated transcriptional regulation of genes involved in mitochondrial metabolism, protein import, and
OXPHOS. Importantly, these co-expression patterns were also detected in multiple non-human organisms, including
mammals, plants, fungi, and bacteria, demonstrating evolutionary conservation of these gene relationships. The
presence of transferred co-expression signals across diverse species suggests that these genes participate in fundamental
mitochondrial and metabolic processes that are preserved across phylogeny, thereby reinforcing their functional
relevance and supporting their prioritization as key mitochondrial regulators in the studied condition (Figure 9).
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Figure 9. Gene co-expression analysis of prioritized mitochondrial genes showing observed co-expression patterns in homo sapiens
and conserved co-expression relationships transferred across multiple organisms.

3.7 Integrated Network and Clustering Analysis

Integrated network clustering and interaction analysis revealed a dominant mitochondrial module comprising eight
highly interconnected genes (NDUFAB1, TUFM, CYCS, VDACI1, TOMM20, ETFA, SSBP1, and SUCLA2),
indicating their active and coordinated roles in mitochondrial function. As shown in the figure, these genes formed the
primary cluster associated with mitochondrial nucleoid organization and metabolic regulation, characterized by dense
intra-cluster connectivity and multiple shared interactions. In contrast, MTCH1 and COX18 segregated into smaller,
distinct clusters with limited connectivity, suggesting more specialized or auxiliary roles. The expanded interaction
network further demonstrated that the eight core mitochondrial genes act as central hubs linking multiple mitochondrial
and metabolic pathways, including OXPHOS, protein import, and electron transport. Collectively, these findings
support the prioritization of eight mitochondrial genes as key active regulators within the mitochondrial interaction
landscape, highlighting their potential functional importance in the studied biological context (Figure 10).
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Figure 10. Network clustering and interaction analysis highlighting eight prioritized mitochondrial hub genes forming a highly
interconnected core module, with MTCH1 and COX18 represented as distinct peripheral clusters.
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3.8 Transcriptomic Factor and Drug Therapeutics

The transcriptomic factor analysis reveals that the gene signature is predominantly regulated by PRDM2, MLX, E2F4,
and HMGN3, supported by strong co-expression and multi-source ChIP-seq evidence, indicating a coordinated
transcriptional and chromatin-level regulatory network. (Figure 11A) (Transcriptomic factors) demonstrates that the
gene signature is primarily regulated by a defined transcriptional network, with PRDM2, MLX, E2F4, and HMGN3
showing the strongest enrichment supported by co-expression (ARCHS4, GTEx) and multiple ChIP-seq datasets
(ENCODE, ReMap, literature), indicating robust transcriptional and chromatin-associated control. (Figure 11B)
(DrugMatrix) identifies compounds such as aceclofenac, azathioprine, minoxidil, flutamide, busulfan, neomycin, lead
acetate, bezafibrate, and methyl salicylate whose in vivo rat tissue expression profiles significantly overlap with the
transcriptomic signature, suggesting potential pharmacological modulation of the same regulatory pathways. (Figure
11C) (Proteomics Drug Atlas 2023) further supports these findings at the protein level, highlighting drugs including
indapamide, dapagliflozin, rofecoxib, varespladib, and epristeride that induce concordant up- or down-regulation
patterns, confirming target engagement beyond transcription. (Figure 11D) (Sciplex Drug Perturbation Signatures 2025)
extends this evidence to single-cell perturbation contexts, where agents such as busulfan, triamcinolone acetonide,
pirarubicin, thalidomide, quercetin, and AMG-900 elicit consistent up- or down-regulated responses across multiple cell
lines. Together, these analyses clearly demonstrate a convergence between key transcriptomic regulators and actionable
drug targets, underscoring a coherent regulatory-pharmacological axis underlying the observed molecular phenotype.

A B
B DrugMatrix
Aceclofenac-1 mg/kg in Corn Oil-Rat-Kidney-0.25d-dn
- Azathioprine-20 mg/kg in Corn Oil-Rat-Kidney-1d-dn
o Minoxidil-83 mg/kg in CMC-Rat-Heart-1d-dn
- [ Flutamide-15 mg/kg in Corn Oil-Rat-Kidney-0.25d-dn
- Spleen-1d-dn
Qil-Rat-Kidney-1d-dn
aline-Rat-Kidney-14d-dn
orn Oil-Rat-Kidney-0.25d-dn
Methyl Salicylate-444 mg/kg in Corn Oil-Rat-Kidney-5d-dn
g e o oo Compression T e S SRR 9 kg in Corn Ol-Rat-Kidney-1d-dn
Proteomics Drug Atlas 2023 P Sciplex Drug Perturbation Signatures 2025
KH-CB19 Up A549 BUSULFAN 1?M 24H UP
Indapamide Up MCF7 TRIAMCINOLONE ACETONIDE 1?M 24H UP
Desipramine Down A549 GSK-LSD1 2HCL 1?M 24H UP
Epristeride Up A549 PIRARUBICIN 100NM 24H UP
Dapaglifiozin Up K562 MEPREDNISONE 1?M 24H UP
Varespladib Up MCF7 THALIDOMIDE 10UM 24H DN
Tropicamide Up K562 QUERCETIN 100NM 24H DN
Rofecoxib Up MCF7 AMG-900 1?M 24H UP
RNA734Up MCF7 FLLL32 17M 24H UP

A549 ANACARDIC ACID 10UM 24H UP
PD 160170 Down

Figure 11. Integrated transcriptomic factor and drug perturbation analysis identifying key regulatory TF and convergent
pharmacological signatures across DrugMatrix, proteomics drug atlas, and sciplex datasets.

3.9 Survival and Prognostic Analysis

Across the evaluated lung adenocarcinoma cohorts, most of the mitochondrial and metabolic genes tested showed
statistically significant associations with overall survival when stratified by median expression. NDUFABI1, SSBP1,
VDACI, TUFM, and CYCS demonstrated significant prognostic value, with SSBP1, TUFM, and CYCS yielding the
strongest signals based on highly significant P values (4.7¢”, 5.1¢’!!, and 3.1¢”, respectively). For TUFM and CYCS,
high expression correlated with substantially longer median survival compared to their low-expression cohorts, while
NDUFABI, SSBP1, and VDACI1 showed the opposite pattern, with high expression associated with shorter survival.
TOMM?20, ETFA, and SUCLA2 did not reach statistical significance. Based on comparative prognostic performance,
significance, and consistency of survival differences, we selected three genes as biomarkers for adenocarcinoma (Figure
12) (Table 5).
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Table 5. Prognostic performance of candidate mitochondrial and metabolic genes in lung adenocarcinoma based on Kaplan-Meier
overall survival analysis.

Median Survival (Low Median Survival I
Affy ID Gene P value exp., months) (High exp., months) Significant (P < 0.05)
202077_at NDUFABI1 0.0261 74 63 Yes
202591 s at SSBP1 4.7E-5 80 57 Yes
212038 s at VDACI 0.0033 80 57 Yes
238190 _at TUFM 5.1E-11 52 99.43 Yes
229415 at CYCS 3.1E-9 52.97 102 Yes
200662_s_at TOMM20 0.1377 66.47 73.3 No
201931 at ETFA 0.569 71 67 No
202930 _s_at SUCLA2 0.346 68.7 71 No
NDUFAB1 (202077 _at) SSBP1 (202591 s_at) VDAC1 (212038_s_at) TUFM (238190_at)
HR = 1.15(1.02 - 1.29) : HR = 1.23(1.1471.45); k= HR = 1.2 (1.06 - 1.35) 2 1% HR = 0.61 (0.52 - 0.71)
logrank P = 0.026 - logrank P = 4.7e-05 | - logrank P = 0.0033 \ logrank P = 5.1e-11
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Figure 12. Prognostic significance of DE-MGs in adenocarcinoma based on kaplan-meier plotter analysis.
4. Discussion

Lung adenocarcinoma represents the most prevalent histological subtype of NSCLC and is characterized by profound
molecular heterogeneity, metabolic reprogramming, and strong dependence on mitochondrial function to support tumor
growth and survival [25]. Increasing evidence indicates that mitochondrial bioenergetics, redox balance, and apoptotic
regulation play decisive roles in adenocarcinoma progression, metastatic potential, and therapeutic resistance. In this
context, the present study provides a comprehensive transcriptomic and systems-level analysis demonstrating that
modulation of LCRMP-1 expression is tightly associated with widespread mitochondrial gene dysregulation in lung
adenocarcinoma cells [26]. The identification of a large subset of differentially expressed mitochondrial genes
highlights mitochondria as a central hub linking LCRMP-1-driven transcriptional programs to adenocarcinoma
pathobiology, reinforcing the concept that mitochondrial remodeling is a defining feature of this cancer subtype [4].

Our differential expression analyses revealed robust and reciprocal transcriptional changes following LCRMP-1
overexpression and silencing, supporting a regulatory role for LCRMP-1 in shaping pro-tumorigenic gene programs.
The enrichment of mitochondrial genes among the differentially expressed set suggests that LCRMP-1 influences not
only cytoskeletal dynamics and invasion, as previously reported, but also core metabolic and bioenergetic processes.
This observation aligns with emerging models of cancer metabolism in which oncogenic signals rewire mitochondrial
function to meet increased energetic and biosynthetic demands [27]. The consistent enrichment of pathways related to
OXPHOS, cellular respiration, and ETC activity underscores a coordinated alteration of mitochondrial energy
production in lung adenocarcinoma cells. Functional enrichment analyses further demonstrated that the regulated
mitochondrial genes are predominantly localized to the mitochondrial inner membrane, matrix, and respiratory chain
complexes, emphasizing their direct involvement in ATP generation and redox regulation. The strong representation of
oxidoreductase and NADH dehydrogenase activities indicates enhanced modulation of electron flow and ROS handling,
processes that are critical for maintaining tumor cell viability while avoiding excessive oxidative stress. These findings
support the notion that lung adenocarcinoma cells fine-tune mitochondrial respiration rather than simply suppressing it,
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consistent with growing evidence that functional OXPHOS remains essential in many solid tumors. Network-based
analyses identified a tightly connected core of mitochondrial hub genes, including CYCS, NDUFAB1, TUFM, VDACI,
TOMM20, ETFA, SSBP1, and SUCLA2, suggesting that these genes act in concert to maintain mitochondrial integrity
and metabolic flux [28]. The central positioning of CYCS and NDUFABI1 within the PPI network highlights a dual role
for mitochondria in both energy metabolism and apoptotic signaling. Such duality is particularly relevant in
adenocarcinoma, where evasion of apoptosis and metabolic flexibility jointly contribute to aggressive tumor behavior
[25]. The strong evolutionary conservation of co-expression patterns among these genes further underscores their
fundamental biological importance and supports their relevance beyond a single experimental system. Importantly, the
integration of transcriptomic factor analysis identified PRDM2, MLX, E2F4, and HMGN3 as key upstream regulators
of the mitochondrial gene signature. These factors are known to participate in chromatin remodeling, cell-cycle control,
and metabolic regulation, providing a mechanistic link between transcriptional control and mitochondrial
reprogramming in lung adenocarcinoma [29]. The convergence of TF enrichment with drug perturbation signatures
suggests that the identified mitochondrial network is pharmacologically tractable. Compounds highlighted across
DrugMatrix, proteomic, and single-cell perturbation datasets may therefore represent candidates for repurposing or
combination strategies aimed at targeting mitochondrial vulnerabilities in adenocarcinoma [30].

Survival analyses demonstrated that several prioritized mitochondrial genes possess significant prognostic value in lung
adenocarcinoma patients. Notably, differential expression of TUFM and CYCS was associated with markedly altered
overall survival, indicating that mitochondrial translation and apoptotic competence may influence clinical outcomes.
The opposing prognostic trends observed for genes such as NDUFABI1, SSBP1, and VDACI1 further reflect the
complex, context-dependent roles of mitochondrial pathways in tumor progression. These findings position
mitochondrial gene signatures not only as mechanistic drivers of adenocarcinoma biology but also as potential
biomarkers and therapeutic targets. While further experimental validation and clinical studies are warranted, this
integrative analysis provides a strong foundation for understanding how LCRMP-1-associated mitochondrial
reprogramming contributes to lung adenocarcinoma pathogenesis and patient prognosis.

Our study provides a comprehensive molecular and systems-level analysis of LCRMP-1-associated mitochondrial
remodeling, we acknowledge that these findings are primarily hypothesis-generating from a clinical perspective.
Translating these insights into patient care will require further validation in independent cohorts, functional assays to
confirm the role of mitochondrial hub genes, and exploration of biomarker-driven trial designs. By explicitly framing
our results in this context, we aim to guide future studies toward actionable experimental and translational steps without
overextending the current preclinical and computational evidence.

5. Conclusion

This study demonstrates that LCRMP-1-associated transcriptomic alterations in lung adenocarcinoma are strongly
linked to mitochondrial reprogramming, particularly affecting bioenergetic, metabolic, and redox pathways. The
identification of key mitochondrial hub genes with prognostic significance highlights mitochondria as central regulators
of tumor progression and potential therapeutic vulnerability. Collectively, these findings provide a systems-level
framework for understanding mitochondrial dysregulation in lung adenocarcinoma and support the development of
mitochondria-focused biomarkers and targeted interventions.

6. Future Direction

Building on the findings of this study, several avenues for future research can be envisioned to bridge the gap between
preclinical insights and clinical application. First, the mitochondrial hub genes identified in our analyses such as TUFM,
CYCS, and NDUFABI hold potential as prognostic biomarkers for patient stratification. Future studies should aim to
validate these genes in independent patient cohorts, assessing their capacity to distinguish subgroups with distinct
metabolic profiles, therapeutic vulnerabilities, or predicted clinical outcomes. Integrating these mitochondrial signatures
into patient stratification frameworks could enhance precision oncology approaches and guide individualized treatment
strategies in lung adenocarcinoma.

Second, our drug perturbation analyses provide a roadmap for translational exploration of compounds that modulate the
LCRMP-1-mitochondrial network. Preclinical evaluation of these agents, alone or in combination with existing
therapies, could identify metabolically targeted interventions with enhanced efficacy. Additionally, incorporating
mitochondrial gene signatures into early-phase clinical trial designs as exploratory biomarkers, inclusion criteria, or
surrogate endpoints may facilitate the assessment of metabolic response, therapeutic susceptibility, and patient
outcomes. Together, these strategies provide actionable hypotheses for leveraging mitochondrial bioenergetic
remodeling in clinical decision-making, while acknowledging the need for further experimental validation to ensure
safety, efficacy, and reproducibility.
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