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INHBA: a mitochondrial-related
pan-cell death gene associated
with the prognosis and immunity

of OSCC

Xiaoting Zhang3, Mouyuan Sun3*, Tao Qiu?, Di He*, Tian Zhang** & Jin Li?**

Oral squamous cell carcinoma (OSCC) is a malignant tumor characterized by both clinical and
molecular heterogeneity. Its rising global incidence and mortality rates pose considerable clinical
challenges. Accumulating evidence suggests that dysregulation of mitochondria-associated pan-cell
death, a process integrating multiple mitochondrial-related cell death modalities, is closely linked to
tumor initiation and progression. Nevertheless, the identification of key therapeutic targets among
mitochondria-associated pan-cell death-related genes (MAPGs) in OSCC remains an unresolved

issue, underscoring the need for further investigation. We systematically investigated the expression
patterns, prognostic relevance, and immune microenvironmental features of mitochondria-associated
pan-cell death-related genes (MAPGs) in OSCC by integrating data from The Cancer Genome Atlas
(TCGA), Gene Expression Omnibus (GEO) datasets (GSE42743, GSE41613, GSE75538, GSE164241,
GSE172577, and GSM6339633), and the MitoCarta3.0 database. Using nine machine learning
algorithms, we compared the importance and prognostic value of MAPGs and identified INHBA as
the most pivotal MAPG. Its predictive power and functional relevance were further explored through
enrichment analysis. We validated INHBA mRNA expression levels in clinical OSCC samples using
quantitative real-time PCR (qRT-PCR). Pan-cancer analysis was performed to assess the potential

of INHBA as a therapeutic target across multiple cancer types. Single-cell RNA sequencing, spatial
transcriptomics, and cell-cell communication analyses were integrated to elucidate the spatial
distribution of INHBA in OSCC and its crosstalk with the immune microenvironment. Finally, drug
sensitivity profiling was conducted using the GDSC and PRISM databases. A total of 19 MAPGs with
the greatest prognostic value were screened out. Among them, INHBA emerged as the most critical
MAPG, which was overexpressed in HNSCC and strongly correlated with poor prognosis in OSCC
patients (p<0.05). Meanwhile, INHBA expression was elevated in cancer-associated fibroblasts (CAFs).
Spatial transcriptomic analysis further revealed strong spatial colocalization between INHBA and
CAF-localized regions. These results indicated that INHBA primarily functioned within CAFs, especially
myCAFs, and may promote OSCC progression through modulation of the immune microenvironment.
Elevated INHBA expression served as a prognostic indicator in OSCC, a finding consistent with its
prognostic relevance in broader HNSCC analyses. Selumetinib and naltrexone showed high sensitivity
in INHBA-high contexts. INHBA is a crucial MAPG that is upregulated in OSCC and mainly functions

in CAFs. It likely affects the poor prognosis of OSCC by regulating the immune microenvironment.
Selumetinib and naltrexone hold promise as innovative therapeutic agents, potentially opening up
new treatment avenues for OSCC patients.

Head and neck squamous cell carcinoma (HNSCC), which arises from the mucosal epithelium of the oral
cavity, pharynx, and larynx, represents the sixth most common malignancy worldwide!. Over 90% of head and
neck cancers are classified as oral squamous cell carcinoma (OSCC), which develops specifically from the oral
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mucosal epithelium and constitutes approximately 90% of all oral malignancies®*. OSCC significantly impairs
vital functions including facial appearance, speech, swallowing, and taste*. According to projections from the
Global Cancer Observatory (GCO), the incidence of OSCC is expected to rise by about 40% by 2040, with a
corresponding increase in mortality®. The standard therapeutic approach for OSCC involves surgical resection
combined with radiotherapy and chemotherapy. Nevertheless, due to frequent tumor recurrence, metastasis,
and treatment resistance, the five-year survival rate for patients with advanced OSCC remains unsatisfactory®”.
In recent years, immunotherapy has emerged as a promising strategy that activates, restores, or redirects the
host anti-tumor immune response to eliminate tumors, leading to a transformative shift in cancer treatment®®.
However, limitations such as side effects, narrow clinical applicability, and low response rates have considerably
restricted its widespread use in OSCC!%!1. Therefore, elucidating the molecular mechanisms underlying OSCC
and discovering potential novel therapeutic targets are crucial for improving treatment strategies.

Accumulating evidence indicates that dysregulation of cell death is closely associated with the development
and progression of oral squamous cell carcinoma (OSCC)'>!3. Among the various forms of cell death, apoptosis,
autophagy, pyroptosis, ferroptosis, and cuproptosis have been the most extensively investigated in the context
of OSCC. Cell death plays a dual, context-dependent role in tumorigenesis, capable of either suppressing or
promoting tumor progression depending on the surrounding microenvironment'®. For example, Zhuang et
al. reported that benzoin upregulated NIBAN1 expression in OSCC, promoted autophagy and apoptotic cell
death, and thereby suppressed OSCC cell growth, demonstrating potent anti-tumor activity'®. Similarly, Xia
et al. found that REEP6 overexpression promoted OSCC progression through endoplasmic reticulum stress-
mediated ferroptosis'®. However, to date, most studies have focused on genes associated with individual cell
death modalities, while the collective role of pan-cell death (PCD)-related genes, encompassing multiple forms
of cell death, in OSCC prognosis and immunotherapy remains largely unexplored. Mitochondria serve as crucial
organelles that maintain the balance between oxidative stress and cell death during OSCC proliferation'”. Silvia
et al. reported that mitochondrial content regulates the levels of apoptotic proteins in tumor cells, with higher
mitochondrial content correlating with increased susceptibility to cell death!®. In addition, Marte et al. found
that circulating mitochondrial DNA (mtDNA) activates TLR9-dependent NF-kB signaling in vivo and promotes
cardiomyocyte death'®. Although the link between mitochondrial genes and cell death has been extensively
studied, the precise roles of key mitochondrial-associated pan-cell death genes (MAPGs), defined as the
intersection of mitochondrial-related and PCD-related genes, in OSCC pathogenesis, as well as the specific cell
subpopulations they target, remain to be elucidated. Therefore, elucidating the potential mechanisms of MAPGs
in OSCC may offer valuable insights for immunotherapy, targeted intervention, and prognostic assessment of
this malignancy.

Comprehensive multi-omics analyses have substantially advanced our understanding of OSCC heterogeneity,
facilitating patient stratification and the development of molecularly targeted therapies, thereby improving
treatment outcomes through the identification of key molecular drivers and predictive biomarkers for targeted
agents?-2. By integrating single-cell RNA sequencing (scRNA-seq) with spatial transcriptomics, we can further
pinpoint the specific cell types targeted by MAPGs?*-%”. Concurrently, machine learning approaches, such as
least absolute shrinkage and selection operator (LASSO), support vector machines (SVM), and random forests
(RF), provide powerful tools for identifying the most prognostically relevant MAPGs?*-32. The integration of
multi-omics profiling with computational approaches provides a powerful strategy to resolve cell type-specific
expression patterns in OSCC, enabling the systematic identification of key MAPGs and their associated cellular
targets during pathogenesis®. This framework establishes a foundation for precision medicine in OSCC
treatment.

This study established the clinical relevance of mitochondria-associated pan-cell death genes (MAPGs) in
HNSCC, identifying 19 prognostic-related MAPGs. Based on these genes, molecular subtypes of OSCC were
constructed to systematically assess their associations with biological functions, immune microenvironment
features, and patient survival. By integrating multiple machine learning algorithms, we identified INHBA as a
central MAPG, a finding further validated in tumor tissues using quantitative real-time PCR. Single-cell and
spatial transcriptomic (ST) analyses revealed that INHBA was predominantly enriched within cancer-associated
fibroblasts (CAFs). CellChat analysis indicated that INHBA may promote OSCC progression by modulating CAF-
immune cell communication networks. We further examined the relationship between INHBA expression and
immune checkpoint markers, immunophenotypic scores, and response to immunotherapy, and performed drug
sensitivity screening to identify potential targeted agents. Collectively, these results deepen the understanding of
the functional landscape of MAPGs in OSCC and propose new directions for therapeutic development in OSCC
patients (Fig. 1).

Materials and methods

Data acquisition

The clinical information and expression data of 502 HNSCC tissues, 44 adjacent normal tissues and corresponding
clinical data were downloaded from the Cancer Genome Atlas (TCGA) (http://cancergenome.nih.gov/)
database. GEO datasets (GSE42743, GSE41613 and GSE 75538) were downloaded from the GEO (https://www.
ncbi.nlm.nih.gov/) database. Single-cell RNA sequencing data were obtained from GEO databases (GSE164241
and GSE172577) and included 8 normal buccal mucosa samples and 6 oral squamous cell carcinoma samples.
Spatial transcriptome data were obtained from geo database (GSM6339633). To assess INHBA expression
patterns across various cancer types, we searched RNA-Seq data from the TCGA database.

Screening and identification of mitochondria-associated PCD genes
Firstly, mitochondrial associated genes (MIGs) were obtained from the MitoCarta3.0 database®, and pan-
cell death associated genes (PCDGs) were obtained from the literature®. Differential expression analysis of
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Fig. 1. Mitochondrial associated pan-cell death genes (MAPGs) may be involved in the pathogenesis of
OSCC, with unique prognosis and management strategies. Based on 19 key MAPGs, we constructed relevant
prognostic features to evaluate their prognostic value for OSCC patients. Among these, INHBA, identified

as the most critical MAPG, was selected through nine machine learning algorithms and validated clinically.
Notably, OSCC patients with high INHBA expression exhibited poor prognosis. Single-cell and spatial
transcriptome analyses revealed that INHBA was predominantly distributed in fibroblasts and may promote
the progression of OSCC and influence prognosis by regulating the tumor microenvironment. CAR-T
immunotherapy may improve a new therapeutic strategy for OSCC patients with high INHBA expression.
Drug sensitivity analyses and molecular docking further demonstrated that selumetinib and naltrexone, by
targeting INHBA, could potentially improve OSCC prognosis. Pan-cancer analysis underscored the universal
therapeutic significance of targeting INHBA across multiple malignancies.

R-package “limma” (|log FC | 21 and FDR < 0.05) was performed to screen MIGs associated with HNSCC
disease characteristics. In the same manner, PCDGs associated with HNSCC disease characteristics were
screened. Pearson correlation analysis was conducted between differentially expressed MIGs and PCDGs,
and mitochondrial-associated pan-cell death genes (MAPGs) were identified using thresholds of correlation
coeflicient > 0.4 and FDR < 0.001.

Unsupervised cluster analysis based on MAPGs to identify OSCC subtypes

The unsupervised cluster analysis was utilized to classify the 500 OSCC cases based on the 19 MAPGs using the
“ConsensusClusterPlus” package. The number of HNSCC subtypes and stability were determined by the Gap
statistic and Elbow method. Kaplan-Meier (K-M) Survival curve was used to compare the OS to evaluate the
relationship between prognosis and each subtype. Moreover, the immune features and tumor microenvironment
(TME) characteristics among the distant MAPGs-based subtypes were compared using the Wilcoxon signed-rank
test, which covered the aspects of enrichment levels of immune infiltration cells and tumor microenvironment-
related pathways in the tumor samples.

Analysis of functional enrichment

To uncover the underlying biological functions and signaling pathways involved, the Gene Ontology (GO)
classification and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis were performed
using the “clusterProfiler” tool. GSEA using KEGG and Hallmark genes was used to detect signaling pathways in
various clusters*. FDR < 0.05 was considered statistically significant.

Machine learning filters the most critical MAPGs

We employed nine machine learning algorithms, namely Gradient Boosting (GB), Gradient Boosting with
Cross-Validation (GB-CV), Gradient Boosting Machines (GBM), Linear Discriminant Analysis (LDA), Linear
Discriminant Analysis with Cross-Validation (LDA-CV), Random Forest (RF), Support Vector Machine (SVM),
Support Vector Machine with Cross-Validation (SVM-CV) and LASSO regression to further screen key MAPGs.
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LASSO regression was carried out using the glmnet package, generating candidate diagnostic genes via 10-
fold cross-validation. The RF model was constructed using the randomForest package. GBM calculation was
conducted using the gbm method from the caret R package. The XGBoost calculation was conducted using the
xgbTree method from the caret R package. The DT calculation was performed using the rpart R package. GB
used the sklearn GradientBoostingClassifier ensemble module for training. KNN used the KNeighborsClassifier
from sklearn.neighbors. SVM utilized the Support Vector Classifier (SVC) class of sklearn. svm module with a
linear kernel. These three algorithms were implemented through Python (Python version 3.9.7; key libraries:
scikit-learn, pandas, numpy, matplotlib, seaborn). To guarantee the strength and dependability of the outcomes,
every machine learning model underwent training and validation through a 5-fold cross-validation process.
The importance of each feature was determined using permutation importance, and the top 10 features were
visualized and saved as PDF files for further analysis.

Differential expression and survival analysis of MAPGs

Wilcoxon symbolic rank test was employed to assess the expression levels of key MAPGs in multiple HNSCC
datasets (|log2 (FC) | > 0.5, FDR<0.05). To objectively classify patients based on INHBA expression, we
determined the optimal cutoff value using receiver operating characteristic (ROC) curve analysis. Based on
the optimal cut-off values of key MAPGs, all patients were stratified into low- and high-expression groups.
Subsequently, survival curves were plotted to compare the survival disparities between these two groups.

Immunological correlation evaluation

The infiltrating immune cell score and immune-related functional activity were calculated by single sample
gene set enrichment analysis (ssGSEA). The deconvolution algorithm CIBERSORT was used to estimate the
proportion of 22 tumor-infiltrating immune cells in tumor tissue of mixed cell types. ESTIMATE was used
to estimate stromal and immune cells in malignant tumors, as well as calculate tumor purity, stromal score,
immune score, and ESTIMATE score.

Clustering and annotation of single-cell RNA sequencing data

In single-cell analyses based on RNA sequencing (scRNA-seq) data, principal component analysis (PCA) was
applied for reduction and clustering. Cells with < 500 genes, > 4,000 genes, > 15% mitochondrial genes, or > 3%
hemoglobin content were excluded. The UMAP diagram visualizes the generated unsupervised cell clusters. To
label the cell types within each cluster, we relied on marker genes obtained from previous studies*”*8. Moreover,
heat maps were employed to display and label the differentially expressed genes specific to each cell cluster,
thereby highlighting the characteristic genes.

Analysis of intercellular communication

We employed the CellChat R package to investigate intercellular communication patterns. Following the
established protocol, we constructed a CellChat object using the normalized count matrix. Permutation tests
were performed to assess statistical significance, with default parameters applied across all methodological
steps®”. The CellChatDB human was used for analysis.

Drug sensitivity analysis

The chemotherapeutic response of HNSCC patients was evaluated using the Genomics of Drug Sensitivity in
Cancer (GDSC) database (https://www.cancerrxgene.org) and the Profiling of Relative Inhibition Simultaneously
in Mixtures (PRISM). The results were visualized as heat maps using the ggplot2 R software package. Molecular
docking predictions were carried out using https://www.dockeasy.cn/DockCompound. Visualize the molecular
docking results using Discovery Studio version 4.5. The molecular docking results were visualized with Discovery
Studio version 4.5. The chemical compositions of drugs were obtained from https://pubchem.ncbi.nlm.nih.gov/#
query. The protein structure was retrieved from the RCSB Protein Data Bank (https://www.rcsb.org/) under PDB
ID 6Y60. For molecular docking, all protein and ligand files (in XML format) were preprocessed by conversion
to PDBQT format. Additionally, all water molecules were removed and polar hydrogen atoms were added to
prepare the structures for docking simulations. Affinity values, expressed in kilocalories per mole, indicated the
binding degree of two substances. Lower affinity (kcal/mol) values corresponded to higher stability of ligand -
receptor binding.

Patients and tissue specimens

HNSCC and normal tissue samples were collected from patients with HNSCC who underwent extensive
surgery at the Second Affiliated Hospital of Zhejiang University School of Medicine. The study complied with all
applicable local, national and global guidelines. Obtain informed written consent from all individuals providing
human patient samples prior to donation. This study was approved by the Human Research Ethics Committee of
the Second Affiliated Hospital of Zhejiang University School of Medicine (Ethics No. 20250631).

The inclusion and exclusion criteria for clinical samples used in this study are outlined below:

Inclusion Criteria: ® Pathologically confirmed diagnosis of HNSCC, with no prior treatment (treatment-
naive); @ No surgical history within the two years preceding study enrollment;® Normal function of major
organs (e.g., heart, kidneys, liver); @ Absence of significant gastrointestinal or metabolic disorders; ® No history
of chemotherapy within the two years prior to inclusion; ® Provision of informed consent by the patient and
their family; @ Availability of complete clinical and follow-up data.

Exclusion Criteria:@OPatients with secondary primary cancers at other sites;@Severe cardiovascular
or cerebrovascular diseases;@Active or uncontrolled severe infectious diseases;@Presence of obstructive
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gastrointestinal or respiratory tract conditions;®Voluntary withdrawal or loss to follow-up during the study
period.

Real-time polymerase chain reaction (RT-qPCR) analysis

Total RNA was extracted from tumor tissues and normal control tissues using TRIzol reagent (Invitrogen, USA),
and cDNA samples were synthesized using superscript II first-strand cDNA synthesis kit (TaKaRa, Japan)*. The
expression level of INHBA was determined by real-time fluorescence quantification, with GAPDH serving as the
internal control. The relative mRNA expression was determined using the comparative Ct (AACt) method. The
primers used for RT-qPCR analysis are shown in Table S1.

Statistics analysis

All statistical analyses were conducted using R software (version 4.2.1), Python version 3.9.7, GraphPad Prism
8 (GraphPad Software, United States), and PASS 27.0 software. The specific R studio software packages used in
each chapter are described. A p - value <0.05 was considered statistically significant. To control for potential
false positives, we applied multiple test correction using the Benjamini-Hochberg false discovery rate (FDR)
procedure to relevant statistical analyses in this study. These included differential expression analysis performed
with the “limma” R package, functional enrichment analysis, and evaluation of key MAPG expression levels
across multiple HNSCC datasets using the Wilcoxon signed-rank test. An adjusted p-value (FDR) of <0.05 was
considered statistically significant in all these analyses.

Results

Screening of mitochondria-associated pan-cell death genes (MAPGs) in OSCC

To investigate the cell type-specific expression patterns of mitochondria-associated pan-cell death-related genes
(MAPGs) in OSCC, we analyzed single-cell RNA sequencing (scRNA-seq) data (Fig. 2A, S1). Using the UMAP
algorithm, we classified the major cell populations into four principal compartments: epithelial cells, endothelial
cells, fibroblasts, and immune cells (Fig. 2A,B). Comparative analysis revealed an expansion of immune and
epithelial cell compartments in OSCC tissues compared to paracancerous tissues, whereas fibroblast and
endothelial cell compartments were reduced (Fig. 2C,D). AUCell scoring demonstrated active expression of
both mitochondrial-related genes (MIGs) and pan-cell death-related genes (PCDGs) particularly in epithelial
cells and fibroblasts of OSCC (Fig. 2E). Differential expression analysis of MIGs and PCDGs was visualized
using volcano plots (Fig. 2EG). By integrating correlation analysis, LASSO regression, and multivariate Cox
regression, we identified 19 mitochondria-associated pan-cell death genes (MAPGs) with significant prognostic

Fig. 2. Screening of major cell types and mitochondria-associated pan-cell death genes (MAPGs) in OSCC.
(A) UMAP visualization of major cell types. (B) UMAP plots contrasting normal and malignant cells in OSCC.
(C) Bar graph depicting the relative proportions of cell types. (D) Marker genes expressed within the four
major cell compartments. (E) Scores of OSCC related to mitochondrial and cell death processes in normal and
malignant cells. (F) Volcano plot illustrating differentially expressed mitochondria-related genes (MIGs) in
OSCC. (G) Volcano plot showing differentially expressed pan-cell death-related genes (PCDGs) in OSCC. (H)
Correlation analysis between MIGs and PCDGs. (I) The gene functional enrichment analysis (GO and KEGG
analysis). (J) Univariate Cox regression analysis identifying 19 MAPGs significantly associated with prognosis.
(K) Expression levels of MAPGs in normal group and HNSCC group. GO, Gene Ontology; KEGG, Kyoto
Encyclopedia of Genes and Genomes. *p <0.05, **p<0.01, ***p <0.001, ****p <0.0001.
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value for OSCC patients (Fig. 2H-K). However, the correlation between MAPGs expression and clinical features
in OSCC still needed further analysis.

OSCC subtype analysis based on MAPGs

To explore the prognostic relevance of MAPGs, we performed unsupervised consensus clustering and categorized
all OSCC samples into two distinct subtypes (C1 and C2) (FigS2.A-I; Fig. 3A). Principal component analysis
(PCA) confirmed clear separation between the two subtypes (Fig. 3B). Kaplan-Meier survival analysis revealed
that patients in the C2 subtype had significantly better survival outcomes than those in C1 (Fig. 3C).

We further characterized the tumor microenvironment (TME) differences between MAPGs-based subtypes.
Subtype C1 was enriched with T cells CD4 memory resting, NK cells resting, macrophages, dendritic cells
activated, mast cells activated and neutrophils. C2 group enriched B cells naive, plasma cells, T cells CD8, T cells
CD4 memory activated, T cells regulatory and mast cells resting (Fig. 3E,F). Single-sample gene set enrichment
analysis (ssGSEA) revealed that apoptosis, glycolysis, IL6-JAK-STAT3 signaling, Notch signaling, PI3K-AKT-
mTOR signaling, TGF- signaling, and TNFa signaling via NF-kB were significantly enriched in C1 (Fig. 3G).
Compared with C2, C1 showed higher expression of chemokine-related genes (CCL3, CCL7, CCL8, CCL11,
CCL13, CCL21, CCL24, CCL26, CXCLI1, CXCL2, CXCL3, CXCL5, CXCL6, CXCL10, CXCL11, CXCL14) and
increased CTLA4 expression (Fig. 3H,I). Combined with the immune score results, we found that the immune
score was higher in C1 (Fig. 3D,K-M), suggesting the presence of an immunosuppressive TME, which may
contribute to its poorer prognosis, while C1 might be more sensitive to immunotherapy. The results of GO
enrichment analysis and KEGG pathway analysis showed that molecular metabolism, protein binding and PI3K-
AKT signaling pathways were more prominent in C1 group (Fig. 30,P). Collectively, these results suggested
that key MAPGs might promote the progression of OSCC by regulating the tumor immune microenvironment,
although the specific mechanism requires further exploration.
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Fig. 3. Analysis of OSCC subtypes based on MAPGs. (A) Two MAPGs-related molecular clusters were
identified by NMF cluster analysis. (B) PCA analysis of distinct MAPGs-related molecular clusters. (C)
Kaplan-Meier curve of differential survival between C1 and C2 groups. (D) Heatmap of the relationship
between ESTIMATE scores, GSVA, and different cohorts of the two clusters. (E-G) Differences in the
expression of immune infiltrating cells and immune related functions based on ssGSEA and CIBERSORT
between the two clusters. (H) Expression differences of chemokine related genes between the two clusters. (I)
Expression differences of immune checkpoint related genes between the two clusters. (K-M) ESTIMATEcore,
StromalScore and TumorPurity for two clusters. (N) Volcano plot showing differentially expressed MAPGs in
OSCC. (O,P) GO and KEGG enrichment analysis. *p <0.05, **p <0.01, ***p <0.001, ****p <0.0001.
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Identification of key prognostic MAPG using machine learning approaches

We used nine machine learning algorithms, namely Gradient Boosting (GB), Gradient Boosting with Cross-
Validation (GB-CV), Gradient Boosting Machines (GBM), Linear Discriminant Analysis (LDA), Linear
Discriminant Analysis with Cross-Validation (LDA-CV), Random Forest (RF), Support Vector Machine (SVM),
Support Vector Machine with Cross-Validation (SVM-CV) and LASSO regression to identify the importance
of MAPGs (Fig. 4A-]J, Table.S2). Based on the nine machine learning algorithms described above, overlapping
genes (INHBA, TNFRSF19, and PRKAA2) were selected as potent prognostic factors and visualized using flower
plots (Fig. 4K). Their importance was further examined with various algorithms (Fig. 4L-R). Multiple database
analyses revealed that TNFRSF19 and PRKAA2 were underexpressed in HNSCC. Survival analysis indicated
that patients with low expression of TNFRSF19 and PRKAA2 had a more favorable prognosis. We further
validated the expression of INHBA, TNFRSF19, and PRKAA?2 using quantitative PCR (qPCR). The results
showed that INHBA exhibited the most pronounced differential expression among the three genes. (Fig. S3,
Fig. 5C) Consequently, TNFRSF19 and PRKAA2 were excluded, highlighting the more crucial role of INHBA in
OSCC. Ultimately, we screened out the pivotal prognostic gene INHBA, which is associated with mitochondrial
pan-cell death.

Correlation of INHBA expression with prognosis and biological functions

Through analyses of the TCGA, GSE42743, and GSE75538 databases, along with in vitro gPCR verification, we
found that both INHBA protein and mRNA expression levels were significantly elevated in OSCC and HNSCC.
Moreover, these levels increased significantly with the progression of OSCC and HNSCC malignancy (Fig. 5A-
D). Subsequently, OSCC and HNSCC samples were respectively stratified into high- and low- INHBA-expression
subtypes. Survival analysis revealed a negative correlation between INHBA expression and patient survival, with
the high-INHBA-expression subgroup exhibiting a poorer prognosis (Fig. 5E-H). GSEA analysis showed that
epithelial-mesenchymal transition, angiogenesis, TGF-p signaling, and TNFa signaling via NF-kB pathways
were enriched in samples with high INHBA expression (Fig. 5I). Additionally, GO enrichment and KEGG
pathway analyses indicated that INHBA was closely associated with molecular metabolism, protein binding, and
mitochondrial redox reactions in OSCC (Fig. 5J,K). Therefore, our findings suggested that increased INHBA
expression may promote the invasion of OSCC and HNSCC, thus contributing to poorer patient prognosis. The
underlying molecular mechanisms, however, warrant further experimental investigation.

INHBA projection and cell communication analysis in OSCC

Analysis of INHBA expression in the scRNA-seq dataset revealed that INHBA was predominantly enriched in
fibroblast clusters (Fig. 6.A-C). Additionally, a positive correlation was observed between INHBA and COL1A1
expression (Fig. 6.D), indicating that high INHBA expression may drive OSCC progression and influence
prognosis by mediating tumor fibrosis.
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Fig. 4. Screening the most critical MAPG in OSCC using multiple machine learning. (A-J) Importance
of MAPGs evaluated by multiple machine learning algorithms. (K) Flower plot showing overlapping genes
(INHBA, TNFRSF19 and PRKAA?2) based on nine machine learning algorithms. (L-R) Assessment of the
significance of INHBA, TNFRSF19, and PRKAA?2 using various machine learning algorithms.
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Fig. 5. Expression, prognostic and functional analysis of INHBA. (A,B,D) The expression levels of INHBA
in validation set GSE42743, GSE75538 and TCGA_HNSC. (C) The expression level of INHBA detected by
RT-qPCR in clinical sample. (E) Kaplan-Meier curve to show the disease-free survival of HNSCC patients in
low INHBA expression and high INHBA expression subgroups. (F) Kaplan-Meier Curves for disease-specific
survival of INHBA high-expression and INHBA low-expression subgroups. (G) Kaplan-Meier curve to show
the progress-free survival of HNSCC patients in low INHBA expression and high INHBA expression subgroup.
(H) Kaplan-Meier curve to show the overall survival of HNSCC patients in low INHBA expression and

high INHBA expression subgroups. (I) GSEA analyzed gene characteristics between INHBA low expression
subgroup and INHBA high expression subgroup, located on the right and left side, respectively. (J,K) The
enrichment of INHBA was analyzed by GO and KEGG. GO, Gene Ontology; KEGG, Kyoto Encyclopedia of
Genes and Genomes. *p<0.05, *p<0.01, **p <0.001, ***p <0.0001.

CellChat was used to map complex intercellular communication networks. In OSCC samples, enhanced
interactions were detected between fibroblasts and epithelial cells, as well as between fibroblasts and immune
cells (Fig. 6E,I). Ligand-receptor interaction networks among different cell types were analyzed, showing that
the PTN-NCL interaction was significantly weakened in OSCC compared to the normal group, whereas the
MIF-(CD74 + CXCR4) and MIF-(CD74 + CD44) interactions were notably enhanced (Fig. 6F-H,J-L). Further
analysis showed that the communication between fibroblasts and immune cells in MIF-(CD74+CD44) in
tumor group was enhanced. Using spatial transcriptome data, tissue section projections demonstrated the
extensive distribution of cancer-associated fibroblasts (CAFs). Overlapping areas of INHBA and CAFs were
observed, consistent with single-cell analysis results (Fig. 6M-P). These findings suggested that the intercellular
communication patterns in OSCC tissues differ from those in normal cells, and INHBA overexpression may
contribute to OSCC development by enhancing communication between tumor fibroblasts and immune cells.

Downstream exploration of fibroblast subsets

Cancer-associated fibroblasts (CAFs) are recognized as pivotal players in the pathogenesis and progression of
OSCC. In this study, drawing on previous research?!, we isolated fibroblasts from scRNA-seq data and further
classified them into five subgroups: ap-Fibroblast, In-fibroblast, inCAF, myCAF and NE (Fig. 7A,B, S3). We
found that INHBA was expressed in these fibroblast clusters (especially the myCAF clusters) (Fig. 7C,D).
Additionally, we observed positive correlations between the expression levels of POSTN, TAGLN, and INHBA
(Fig. 7E). CellChat then analyzed intercellular communication within fibroblasts and noted that myCAF/inCAF
dominated interactions with other fibroblasts in OSCC, and that this intercellular communication may be
mediated mainly by MIF and POSTN regulation (Fig. 7G,H,]). MIF-(CD74CD44) and POSTN-(ITGAV+ITGB5)
strongly correlated (Fig. 7K,L). Based on these results, we suggested that the overexpression of INHBA in tumor
fibroblasts may regulate the functional relationship between myCAF and inCAF in OSCC, thereby promoting
tumor development.

Clinical transformation of INHBA in OSCC

Based on INHBA expression levels, we observed that patients with low INHBA expression exhibited longer
overall survival following anti-CTLA4 and anti-PD-L1 treatments. Conversely, those with high INHBA
expression showed extended progression-free survival after CAR-T therapy (Fig. 8A-C). These findings
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Fig. 6. Analysis of INHBA projection and cell communication in OSCC. (A-C) The relationship between
INHBA expression and different cell clusters in normal and tumor tissues. (D) Correlation analysis of COL1A1
and INHBA. (E,I) Strength and number of ligand-receptor interactions between pairs of cell populations in
the normal (E) and HNSCC (I) groups based on CellChat analysis. (F,J) Bubble plot of several tumor-specific
pathways among different cell clusters in normal (F) and tumor (J) tissues. (G-H) MIF and PTN signaling
network shown via heatmap, violin plot, and circle plot in normal tissues. (K,L) MIF and PTN signaling
network shown via heatmap, violin plot and circle plot in tumor tissues. (M-P) The spatial arrangement of
INHBA expression and cell clusters via spatial transcriptomics analysis. *p <0.05, **p<0.01, ***p <0.001,

H4p < 0.0001.

suggested that CAR-T therapy may be more efficacious in OSCC patients with elevated INHBA expression.
After immunotherapy in the GSE195832 database, results showed increased INHBA expression levels, as did
Cetuximab for HNSCC (Fig. 8D,E). This suggested that the resistance of Cetuximab may be related to INHBA,
and we need to further find suitable drugs for OSCC patients.

Therefore, we analyzed the GDSC and PRISM databases and predicted IC50 drug data. Drug sensitivity
analysis revealed that selumetinib and naltrexone were highly sensitive inhibitors of INHBA (Fig. 8F-G,1,]).
Subsequently, we conducted a molecular binding study to confirm the binding efficacy of INHBA with these
two drugs. The docking results showed that the receptor-ligand binding energy of the core components of
selumetinib and naltrexone was < -7.0 kcal/mol, confirming the reliability of our prediction (Fig. 8H,K).

Comprehensive analysis of INHBA in pan-cancer

Pan-cellular death is intricately linked to the initiation and progression of various cancer types. Thus, we sought
to determine whether INHBA, the key mitochondria-associated pan-cell death gene (MAPG) identified in this
study, could serve as a predictor of poor prognosis across different malignancies. To this end, we analyzed the
relative expression of INHBA in 33 cancer types and normal tissue samples from TCGA (Fig. 9A-C). Findings
revealed that, compared to normal tissues, INHBA was significantly upregulated in 17 cancer types (BLCA,
BRCA, CESC, CHOL, COAD, DLBC, ESCA, GBM, HNSC, KIRC, LAML, LGG, PAAD, PRAD, READ, STAD,
and THCA). Conversely, INHBA was downregulated in seven cancer types (ACC, KICH, KIRP, LIHC, SKCM,
UCEC, and UCS). We further explored the prognostic value of INHBA across diverse cancer types. Univariate
Cox regression analysis of pan-cancer data showed that INHBA upregulation was associated with poor overall
survival (OS) in 10 cancer types (ACC, BLCA, CESC, HNSC, KIRP, LAML, LUSC, MESO, PAAD, and STAD)
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Fig. 7. Downstream exploration of fibroblast subsets. (A) UMAP plots for fibroblast subsets in normal

and tumor tissues, and bar graph of relative cell proportions. (B) Marker genes expressed in 4 major cell
compartments. (C,D) The relationship of INHBA expression and different cell clusters in normal and tumor
tissues. (E) Correlation analysis of POSTN and TAGLN with INHBA. (F,I) Strength and number of ligand-
receptor interactions between pairs of cell populations in the normal (F) and OSCC (I) groups based on
CellChat analysis. (G,J) Bubble plot of several tumor-specific pathways among different cell clusters in normal
(G) and tumor (J) tissues. (H) PTN signaling network shown via heatmap, violin plot, and circle plot in normal
tissues. (K-L) MIF and POSTN signaling network shown via heatmap, violin plot and circle plot in tumor
tissues. *p <0.05, **p<0.01, ***p<0.001, ****p<0.0001.
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Fig. 8. Clinical transformation of INHBA in OSCC. (A-D) Kaplan-Meier curves showing the relationship
between INHBA expression and survival in the OSCC immunotherapy cohorts. (E) Relationship between
INHBA expression and cetuximab treatment. (F,I) Plot of correlation analysis between INHBA expression and
several drug sensitivities (IC50) in two databases: GDSC and PRISM. A positive correlation is represented in
blue, indicating that increased gene expression corresponds to greater drug sensitivity, whereas red indicates
the contrary. (G) Relationship between INHBA expression and selumetinib sensitivity. (J) Relationship
between INHBA expression and naltrexone sensitivity. (H, K) Molecular docking structure diagram of INHBA
and two drugs with the highest binding affinities. *p <0.05, **p <0.01, ***p <0.001, ****p <0.0001.
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Fig. 9. Comprehensive analysis of INHBA in pan-cancers. (A-C) INHBA expression in 33 tumor types. (D-F)
Prognosis of INHBA in 33 tumors. (G,H) Analysis of immune cell infiltration in 33 tumors based on INHBA.
(I) ImmuneScore, StromalScore, and ESTIMATEScore scores in 33 tumors based on INHBA. *p <0.05,
p<0.01, **p<0.001, ****p<0.0001.

(Fig. 9D). In eight cancer types (ACC, BLCA, BRCA, GBM, HNSC, KIRP, MESO, and PAAD), INHBA
upregulation was linked to poor disease-free survival (DSS) (Fig. 9E). Additionally, in 10 cancer types (BRCA,
CESC, HNSC, KIRP, LGG, LUAD, MESO, PAAD, PRAD, and UVM), INHBA upregulation correlated with a
poor progression-free interval (Fig. 9F).

We also investigated the association between INHBA gene expression and tumor microenvironment. The
results showed that INHBA expression was closely associated with the infiltration levels of macrophages,
neutrophils, and Thl cells in multiple tumors (Fig. 9G,H). Using the ESTIMATE algorithm to quantify the
immune and stromal scores, we found that INHBA gene expression was significantly correlated with the stromal
score in most cancer types (Fig. 9I).

Discussion

Oral squamous cell carcinoma (OSCC), a common subtype of head and neck cancer, is characterized by high
recurrence rates and poor survival*>*. The pathogenesis and progression of OSCC involve intricate molecular
alterations. Despite significant advancements in treatment and diagnostic strategies, the overall survival rate
for OSCC patients remains suboptimal’. Consequently, there is an urgent imperative to identify robust and
clinically relevant biomarkers or regulatory genes to facilitate the development of personalized treatment
plans for OSCC patients and achieve durable therapeutic outcomes. Mitochondrial-related genes govern
extensive signal transduction networks and regulate diverse cell death mechanisms*>*®. The dysregulation of
mitochondria-associated pan-cell death has been implicated in the etiology of various diseases*”*3. However,
the roles and mechanisms of mitochondria-associated pan-cell death genes (MAPGs) in OSCC remain poorly
understood. Moreover, the specific MAPGs that may exert a pivotal influence on OSCC progression have yet to
be elucidated.

INHBA, a mitochondria-associated pan-cell death gene and member of the transforming growth factor-f
(TGEF-) superfamily, exhibits multifunctional roles in immune responses, fibroblast activation, and regulation
of cell migration and proliferation?>*°. Accumulating evidence supports its involvement in multiple cancer
types®>2. For instance, Li et al. reported that INHBA promotes tumor progression by suppressing IFN-y
signaling and conferring resistance to PD-L1 blockade®. Similarly, Liu et al. demonstrated that INHBA
knockout in breast cancer cells suppressed proliferation, reduced invasiveness, and enhanced sensitivity to
lapatinib®*. In this study, we applied multiple machine learning algorithms to enhance the reliability of gene
selection and identified INHBA as a pivotal mitochondria-associated pan-cell death gene (MAPG) in OSCC.
We found that INHBA was overexpressed in OSCC, and the high expression of INHBA was closely related to the
poor prognosis of OSCC. This prognostic role of INHBA was also observed in the broader cohort of HNSCC
patients. Through GSEA, GO, and KEGG analyses, we further revealed that INHBA may facilitate OSCC
progression by promoting angiogenesis and epithelial-mesenchymal transition, potentially via modulation of
mitochondrial oxidative stress. Pan-cancer analysis corroborated that INHBA overexpression correlates with
poor overall survival across multiple malignancies. Additionally, INHBA expression showed significant positive
correlations with StromalScore, ImmuneScore, and ESTIMATEscore, underscoring its close relationship with
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the tumor immune microenvironment. Furthermore, elevated INHBA expression was correlated with increased
infiltration of pro-tumor immune cells, such as macrophages and neutrophils, suggesting a potential role in
shaping an immunosuppressive microenvironment. However, further clinical validation is required to confirm
these findings. In summary, INHBA played a dual role as a potential immunotherapy target and a predictive
biomarker in OSCC, and may hold clinical value for targeted therapy in cancers such as HNSCC. Mechanistically,
INHBA appeared to drive OSCC progression, at least in part, by remodeling the immune microenvironment.

To further investigate the cellular heterogeneity of INHBA in OSCC, we compared single-cell transcriptomic
profiles between tumor and normal samples, which revealed predominant enrichment of INHBA in fibroblast
clusters and a positive correlation with COL1A1 expression. As a key extracellular matrix (ECM) component,
COL1A1 participates in multiple biological processes®. Previous studies have demonstrated that fibroblast-
derived COL1A1 promotes ovarian cancer metastasis via ITGB1/AKT signaling activation®®, and that COL1A1-
CD44 interaction mediates fibroblast-malignant cell crosstalk in HNSCC, fostering a tumor-promoting
microenvironment®’. These findings support the hypothesis that INHBA-high cancer-associated fibroblasts
may facilitate OSCC progression through enhanced COL1A1 secretion. Cell-cell communication analysis
further identified strengthened interactions in OSCC, particularly between fibroblasts and epithelial or immune
cells, with the MIF-(CD74 + CD44) axis emerging as a notably enhanced pathway. MIF is a representative
pro-inflammatory factor that plays a role in regulating immune response®. Studies had shown that high
expression of MIF could promote tumor progression and metastasis, stimulate angiogenesis, and create an
immunosuppressive microenvironment conducive to tumor development®. Thus, INHBA may promote the
development of OSCC by enhancing the effect of MIF ligands on the CD74-CD44 receptor, facilitating the
interaction between fibroblasts and immune cells, and regulating the immune microenvironment of OSCC.

Cancer-associated fibroblasts (CAFs), the most abundant stromal cells in the tumor microenvironment,
comprise distinct subpopulations derived from heterogeneous cell types and are implicated in mediating poor
tumor prognosis®. In this study, drawing on previous literature*!, we classified CAFs into five clusters and
observed a significant increase in myCAF clusters in OSCC. Notably, INHBA was predominantly enriched
in myCAFs and exhibited positive correlations with POSTN and TAGLN expression. Previous studies had
implicated myCAFs in extracellular matrix remodeling and metastasis®!, and suggested their role in shaping a
metastatic niche via paracrine signaling in HNSCC®2. POSTN and TAGLN had been shown to be carcinogenic
mRNAs in many types of cancer®>®. For instance, Yu et al. demonstrated that CAF-derived POSTN promotes
cancer stemness through interaction with PTK7 in HNSCC®, while Sarubo et al. reported that TAGLN
upregulation enhances stem-like properties and tumor progression®. Moreover, Wang et al. revealed that
POSTN* CAFs suppress CD8* T cell infiltration, foster an immunosuppressive microenvironment, and impair
response to immunotherapy®’. Our cell-cell communication analysis further revealed that the myCAF/inCAF
subset predominantly mediates interactions with other fibroblast populations in OSCC. Specifically, myCAF/
inCAF crosstalk was largely driven by MIF signaling, whereas intracellular communication within myCAFs
was regulated by POSTN. These findings collectively suggested that INHBA may exert its pro-tumor effects
primarily through myCAFs, remodeling the metastatic niche and promoting OSCC progression. Additionally,
these results highlighted the therapeutic potential of targeting myCAF subpopulations in OSCC treatment.

A profound understanding of the key targets and functionally pivotal cell subgroups in OSCC could facilitate
more precise treatment strategies and improve patient survival rates. In our study, we initially discovered that
anti-PD-L1, anti-CTLA4 immunotherapies, and cetuximab may not confer favorable prognoses for HNSCC
patients with high INHBA expression. Conversely, CAR-T therapy appeared to offer greater benefits to this
patient subgroup. Given that immunotherapy alone was insufficient to counteract the complex and highly
heterogeneous tumor microenvironment of OSCC, adjunctive drug therapy was crucial for optimizing patient
outcomes. Subsequently, we analyzed the correlations between INHBA expression and predicted IC50 drug
data from the GDSC and PRISM databases. Our findings indicated that selumetinib and naltrexone exhibited
the most promising potential efficacy in the OSCC subclass with high INHBA expression. Selumetinib, a highly
specific mitogen-activated protein kinase 1/2 inhibitor, had shown promising results in preclinical and clinical
trials as a single agent or in combination with conventional chemotherapy and other targeted therapies for a
variety of cancers, including childhood low-grade glioma, non-small cell lung cancer, and melanoma®®%. Feng
et al. showed that Selumetinib is an effective compound for patients with high-risk squamous cell carcinoma”’.
Naltrexone is a nonspecific opioid antagonist that exerts pharmacological effects on the opioid axis by blocking
opioid receptors distributed in cytoplasmic and nuclear regions’!. Liu et al. found that low-dose naltrexone
delayed the development of cervical cancer by inhibiting the PI3K/AKT/mTOR pathway’?. Gorur et al. found
that low doses of methylnaltrexone inhibited the growth and development of HNSCC in vivo and in vitro”>.
According to our study results, the core components of selumetinib and naltrexone exhibited strong binding
affinity to key target proteins, validating the reliability of our predictions. We propose that selumetinib and
naltrexone may enhance the anti-tumor efficacy and improve the survival of OSCC patients by downregulating
INHBA expression. Moreover, given the significant role of INHBA across multiple cancer types, therapeutic
targeting of INHBA may represent a promising strategy with potential clinical utility in multiple malignancies,
particularly in HNSCC.

This study systematically characterizes the prognostic and mechanistic significance of mitochondrial-
associated pan-cell death-related genes (MAPGs) in OSCC through integrated multi-omics profiling and
machine learning. Unlike previous studies, our work uniquely identifies INHBA as an important regulator
in OSCC and delineates its cell-type-specific expression, primarily within myofibroblastic cancer-associated
fibroblasts (myCAFs). We further demonstrate that INHBA may modulate CAF-immune cell crosstalk via the
MIF signaling pathway, thereby reshaping the immune microenvironment and influencing tumor progression
and patient prognosis. Notably, we pinpoint two FDA-approved agents, selumetinib and naltrexone, as potential
INHBA-targeting inhibitors, generating hypotheses for future experimental testing and potential repurposing.
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Overall, our research findings link mechanism understanding with clinical practicality, providing a new
approach for advancing the management of OSCC.

Conclusions

In this study, we integrated multi-center, multi-omics, and in-depth bioinformatic analyses to delineate the
prognostic relevance and functional significance of mitochondria-associated pan-cell death genes (MAPGs)
in OSCC, while systematically characterizing the tumor microenvironment (TME) landscape. By leveraging
multiple machine learning algorithms, we identified INHBA as a central MAPG and elucidated its critical role
in OSCC pathogenesis. We further demonstrated that INHBA was primarily active within tumor-associated
fibroblasts, particularly myofibroblastic CAFs (myCAFs), where it contributed to immune microenvironment
remodeling and promoted tumor progression. Additionally, our results suggested that OSCC patients with
high INHBA expression may respond more favorably to CAR-T immunotherapy, and that selumetinib and
naltrexone represent promising targeted therapeutic options for this patient subgroup. Meanwhile, INHBA
was implicated in multiple malignancies, including HNSCC, suggesting that targeting INHBA may represent a
broadly applicable therapeutic strategy with potential clinical utility across multiple malignancies.

Data availability

Publicly available datasets were analyzed in this study. The clinical information and expression data of 502 HN-
SCC tissues, 44 adjacent normal tissues and corresponding clinical data were downloaded from the Cancer
Genome Atlas (TCGA) (http://cancergenome.nih.gov/) database. GSO datasets (GSE42743, GSE41613 and GSE
75538) were downloaded from the GEO (https://www.ncbi.nlm.nih.gov/) database. Single-cell RNA sequencing
data were obtained from GEO databases (GSE164241 and GSE172577) and included 8 normal buccal mucosa
samples and 6 oral squamous cell carcinoma samples. Spatial transcriptome data were obtained from geo data-
base (GSM6339633). The datasets generated during and/or analyzed during the current study are available from
the corresponding author on reasonable request.
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