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Abstract

Background: Dysregulated carnitine metabolism contributes to tumor metabolic
reprogramming, but the prognostic value of carnitine-related genes (CRGs) in head
and neck squamous cell carcinoma (HNSCC) remains unclear.

Methods: Difterentially expressed genes (DEGs) were identified in The Cancer
Genome Atlas (TCGA)-HNSCC cohort and intersected with CRGs to obtain
candidate genes. Prognostic genes were screened by univariate and multivariate Cox
regression to construct a risk model, evaluated by time-dependent receiver operating
characteristic (ROC) curves and Kaplan-Meier (KM) analysis, and externally
validated in GSE41613. CIBERSORT was used to compare immune cell infiltration
between the high-risk group (HRG) and low-risk group (LRG), and single-cell RNA
sequencing (scRNA-seq) data (GSE181919) were analyzed to identify the key cell
type associated with prognostic gene expression.

Results: Intersection of 4114 DEGs with 91 CRGs yielded 26 candidate genes. Six
prognostic genes (ACADL, SERPINAS, PRKAA2, ACACB, SLC25A20, GPR12)
were identified; the resulting risk model achieved 1-, 3-, and 5-year area under the
curve (AUC) values of 0.65, 0.66, and 0.65 in the training set and 0.70, 0.64, and 0.60
in external validation, remaining an independent prognostic factor (P <0.001). CD8+
T cells and regulatory T cells were significantly decreased in the HRG (P < 0.01).
Single-cell analysis identified fibroblasts as the dominant signaling hub; five
prognostic genes were predominantly expressed in fibroblasts and progressively
downregulated along pseudotime.

Conclusions: A six-gene CRG-based risk model was constructed and externally
validated for HNSCC prognosis, showing associations with immune infiltration and
fibroblast-mediated microenvironment remodeling, offering a potential reference for
prognostic stratification.

Keywords: Head and neck squamous cell carcinoma; Carnitine; Risk model; Immune

infiltration; Single-cell RNA sequencing
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1. Introduction

Head and neck squamous cell carcinoma (HNSCC), a malignant epithelial
neoplasm arising from the mucosal lining of the oral cavity, pharynx, and larynx,
represents the sixth most common malignancy worldwide, with over 800,000 new cases
diagnosed annually. Its major etiological factors include tobacco use, excessive alcohol
consumption, and human papillomavirus (HPV) infection!. HNSCC exhibits profound
molecular and clinical heterogeneity stratified by primary anatomical site and HPV
status: HPV-associated oropharyngeal carcinomas typically confer a more favorable
treatment response and prognosis, whereas HPV-negative tumors (e.g., oral squamous
cell carcinoma, the focus of this study) are characterized by higher chromosomal
instability and poorer clinical outcomes®®. Despite the widespread adoption of
multimodal therapy (surgery combined with chemoradiotherapy) and the modest
survival benefit of immune checkpoint inhibitors in recurrent/metastatic disease, the 5-
year overall survival rate of HNSCC patients remains stagnant at approximately 50%,
with local recurrence and distant metastasis accounting for most treatment failures®.
Conventional TNM staging, while informative for anatomical tumor extent, fails to
capture intrinsic molecular features, resulting in divergent prognoses and suboptimal
treatment intensity among patients with equivalent stages’. This clinical gap highlights
an urgent need for robust molecular prognostic biomarkers and precise risk
stratification, with metabolic dysregulation emerging as a promising investigative
avenue.

Carnitine is a quaternary ammonium compound derived from lysine and
methionine, whose core physiological role is to shuttle long-chain fatty acids across the
mitochondrial inner membrane to initiate P-oxidation and energy production. This
process is orchestrated by a set of carnitine-related genes (CRGs), including carnitine
palmitoyltransferases (CPT1/CPT2) and carnitine-acylcarnitine translocase
(SLC25A20) ®. As a well-established hallmark of cancer, metabolic reprogramming
allows tumor cells to utilize fatty acid oxidation in addition to aerobic glycolysis,
particularly in nutrient-deprived or glycolysis-restricted microenvironments.
Upregulation of the carnitine shuttle system sustains mitochondrial oxidative

phosphorylation and NADPH generation, thereby alleviating oxidative stress and

3



33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65

promoting tumor cell survival’. Dysregulated CRG expression has been associated with
tumor proliferation, invasion, and patient prognosis in multiple malignancies, including
hepatocellular carcinoma, breast cancer, and colorectal cancer. Metabolomic studies
have further documented prominent lipid metabolism dysfunction and altered serum
free carnitine levels in head and neck tumors, implicating carnitine pathway

dysregulation in HNSCC metabolic remodeling®'!.

However, most existing
investigations are limited to isolated functional validation of individual genes such as
CPT1A. Systematic integrative analysis of CRGs as a functional gene set, along with
assessment of their prognostic value in HNSCC, remains scarce, and their roles in tumor
progression and microenvironment remodeling remain incompletely defined. Recent
single-cell and functional studies indicate that metabolic reprogramming in
HNSCC/OSCC extends beyond malignant cells to cancer-associated fibroblasts (CAFs),
in which altered lipid metabolism can support tumor progression through metabolic and
paracrine crosstalk'>!*. This provides a rationale for tracing CRG dysregulation to
fibroblast-state remodeling and for dissecting the links between metabolic features and
tumor microenvironment remodeling at single-cell resolution.

Against this background, we analyzed transcriptomic data from the TCGA-
HNSCC cohort. Differentially expressed genes between tumor and adjacent normal
tissues were intersected with MSigDB carnitine metabolism gene sets to identify
candidate CRGs specifically dysregulated in HNSCC. A six-gene prognostic risk score
model was constructed using univariate and multivariate Cox regression with stepwise
AIC selection, and its predictive performance was validated in the independent external
cohort GSE41613. We further characterized the model’s biological relevance and
translational potential via multi-dimensional analyses, covering immune infiltration
patterns, somatic mutation profiles, drug sensitivity prediction. Notably, integration of
the single-cell RNA-seq dataset GSE181919 enabled cell-type assignment of
prognostic genes and analysis of intercellular communication networks and metabolic
pathway activity at single-cell resolution, revealing dynamic transcriptional and
metabolic alterations of fibroblasts along differentiation trajectories in the tumor
microenvironment—insights unattainable via bulk transcriptomics. Collectively, this
study provides systematic evidence for the prognostic value of CRGs and their roles in
HNSCC microenvironment remodeling at both bulk and single-cell levels, laying a

foundation for future mechanistic investigations and targeted therapeutic development.
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2. Results

2.1 Identification of DEGs and Carnitine-Related Candidate Genes and Their
Functional Characterization in HNSCC

A total of 4114 DEGs (JlogoFC| = 1 and adjusted P < 0.05) were identified between
tumor and normal tissues, including 2020 upregulated and 2094 downregulated genes
(Fig. 1a, Table S2). Among the DEGs, HTN1, SMR3B, STATH and CST4 were
markedly downregulated, whereas MAGEA12, MAGEA10, CT45A10 and MAGEC2
were markedly upregulated. Representative DEGs showed consistent expression
separation between the Tumor and Normal groups (Fig. 1b). Intersection of the 4114
DEGs with 91 CRGs yielded 26 candidate genes (Fig. 1¢c, Table S3). THRSP, ACADM,
ALDH9A1, ACACB and HADH were downregulated among the candidates, whereas
MMPI1, COL7A1 and SLC22A1 were upregulated, indicating that carnitine
metabolism-related genes are broadly dysregulated in HNSCC.

Functional enrichment analysis of the 26 candidate genes (P < 0.05) identified 213
significant BP terms, 22 CC terms, 62 MF terms and 14 KEGG pathways (Fig. 1d,
Table S4). For BPs, the candidate genes were enriched in carnitine metabolic process
(P = 2.60x107'?) and amino-acid betaine transport (P = 4.22x107'?). For CCs,
enrichment was observed for mitochondrial matrix (P = 3.46x107%) and apical plasma
membrane (P = 1.52x1072). For MFs, the genes were enriched in phosphatidylcholine
binding (P =2.41x107'?) and acyl-CoA dehydrogenase activity (P = 5.38x1077). KEGG
analysis showed enrichment in fatty acid metabolism (P = 7.29x107%), valine, leucine
and isoleucine degradation (P = 5.50x107¢), and the PPAR signaling pathway (P =
3.36x107°), indicating that the candidate genes are functionally concentrated in fatty
acid B-oxidation and carnitine shuttle—related processes.

In the PPI network (STRING score > 0.40) (Fig. 1e), ACADM, HADH, CPTIB,
ACACB, SLC25A20, CRAT, ACADL, ALDH9A1, GATM, SHMTI1, ACADS,

PRKAAZ2 and THRSP formed a core interaction module. Collectively, 4114 DEGs were
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94  identified in HNSCC, and intersection with the CRG set yielded 26 candidate genes
95 enriched in carnitine metabolism and fatty acid p-oxidation, with a tightly
96 interconnected PPI module centered on ACADM, HADH, CPT1B, ACACB and

97  SLC25A20, providing a basis for subsequent functional validation.
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98
99  Fig. 1 Identification and characterization of candidate genes. (a) Volcano plot of

100  DEGs between HNSCC tumor and normal tissues (adjusted P < 0.05, [log2FC| > 1);
101  yellow, upregulated; blue, downregulated. (b) Heatmap of representative DEGs across
102 Tumor and Normal samples, with a density distribution panel above. (¢) Venn diagram
103 showing the overlap between DEGs and CRGs; the 26 intersecting genes were defined
104  as candidate genes. (d) GO and KEGG enrichment dot-bar chart of the 26 candidate
105 genes (P < 0.05); BP, biological process; CC, cellular component; MF, molecular
106  function. (e) PPI network among candidate gene products (STRING, confidence score
107  >0.40); node size reflects degree; edge width reflects interaction score

108

109 2.2 Identification of Six Carnitine-Related Prognostic Genes in HNSCC



110  Univariate Cox regression analysis of the 26 candidate genes identified eight candidate
111  prognostic genes meeting the criteria of P < 0.2 and PH assumption test P > 0.05 (Fig.
112 2a, Table S5): ACADL (HR = 1.455, 80% CI: 1.219-1.736, P = 0.0067), SERPINAS
113 (HR = 1.293, 80% CI: 1.135-1.472, P = 0.0115), PRKAA2 (HR = 1.132, 80% CI:
114 1.042-1.229, P = 0.0552), ACACB (HR = 0.872, 80% CI: 0.773-0.983, P = 0.1423),
115  SLC25A20 (HR =0.820, 80% CI: 0.720-0.933, P=0.0492), THRSP (HR = 0.716, 80%
116  CI: 0.529-0.967, P = 0.155), CPT1B (HR = 0.539, 80% CI: 0.376-0.774, P = 0.0284)
117 and GPR12 (HR = 0.211, 80% CI: 0.071-0.626, P = 0.0665), all satisfying the PH
118  assumption (PH P > 0.05). Multivariate stepwise Cox regression retained six of these
119  as the final prognostic genes (Table 1): ACADL, SERPINAS, PRKAA2, ACACB,
120 SLC25A20 and GPR12, while THRSP and CPT1B were excluded from the final model.
121  Based on the RiskScore calculated from the six prognostic genes, TCGA-HNSCC
122 training-set patients were stratified at the maxstat-derived cutoff (—1.035) into 281 HRG
123 and 168 LRG patients; the density of deaths increased markedly among patients with
124 higher risk scores, and survival time shortened accordingly (Fig. 2b). Kaplan—Meier
125  analysis showed that the HRG had significantly poorer OS than the LRG (Fig. 2c).
126  Time-dependent receiver operating characteristic (ROC) analysis showed AUC values

127  0of0.65, 0.66 and 0.65 for 1-, 3- and 5-year OS, respectively (Fig. 2d).

Table 1. Multivariate stepwise Cox regression analysis of the six carnitine metabolism-related prognostic

genes in HNSCC
symbol coef exp(coef) se(coef) z Pr(>|z|)
ACADL 0.4936 1.6382 0.1848 2.6708 0.0076*
SERPINAS 0.3320 1.3938 0.1030 3.2233 0.0012*
PRKAA2  0.1797 1.1969 0.1019 1.7633 0.0778
ACACB -0.3793 0.6843 0.1491 -2.5430 0.0110*
SLC25A20 -0.2176 0.8045 0.1257 -1.7306 0.0835
GPR12 -1.8527 0.1568 0.9366 -1.9782 0.0479*

coef: regression coefficient; exp(coef): hazard ratio; se(coef): standard error of the coefficient; z: z-statistic;
Pr(>|z|): p-value. *Genes with P < 0.05 were considered statistically significant

128

129  Inthe external validation cohort (GSE41613), RiskScore was calculated using the same
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model coefficients, and patients were stratified at the validation-set cutoft (—4.470) into
10 HRG and 84 LRG patients, with higher risk scores again corresponding to a greater
density of deaths and shorter survival time (Fig. 2e). The HRG showed significantly
worse OS than the LRG (Fig. 2f), and time-dependent ROC analysis yielded AUC
values of 0.70, 0.64 and 0.60 for 1-, 3- and 5-year OS, respectively (Fig. 2g).
Collectively, the six-gene RiskScore model stratified HNSCC patients into groups with
significantly different survival outcomes in both the training set and the independent

external cohort (Table S6).
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Fig. 2 Construction and validation of the prognostic risk model. (a) Forest plot of
univariate Cox regression for candidate prognostic genes; PH, proportional hazards. (b)
RiskScore distribution and survival status of TCGA-HNSCC training-set patients

ranked by increasing risk score. (¢) Kaplan—-Meier survival curves of HRG and LRG in
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the training set. (d) Time-dependent ROC curves for 1-, 3- and 5-year OS in the training
set. (e) RiskScore distribution and survival status of GSE41613 validation-cohort
patients ranked by increasing risk score. (f) Kaplan—Meier survival curves of HRG and
LRG in the GSE41613 cohort. (g) Time-dependent ROC curves for 1-, 3- and 5-year

OS in the GSE41613 cohort

2.3 Construction of a RiskScore-Integrated Nomogram for Predicting Overall
Survival

Univariate Cox regression combining RiskScore with clinicopathological variables
identified RiskScore (HR = 2.718, 95% CI 1.949-3.792, P = 3.89x107°), Age (HR =
1.019, 95% CI 1.006—-1.032, P = 0.0044), T stage (T3, HR = 3.159, 95% CI 1.326—
7.525,P=0.0094; T4, HR =2.613,95% CI 1.115-6.124, P=0.0270), N stage (N2, HR
=2.488, 95% CI 1.627-3.804, P < 0.001; N3, HR =4.116, 95% CI 1.455-11.646, P =
0.0077), M stage (M1, HR = 132.996, 95% CI 8.319-2126.320, P < 0.001), pathologic
stage IV (P =0.0447) and tumor grade G2 (P = 0.0304) as significant prognostic factors
(Fig. 3a). Multivariate stepwise Cox regression retained RiskScore, N stage, T stage
and Age in the final model; RiskScore remained an independent predictor of OS (P <
0.001), together with N stage (N2, P = 0.0033; N3, P = 0.0203), whereas T stage and
Age were no longer significant (Fig. 3b). Schoenfeld residual analysis showed no
significant time-dependent deviation for RiskScore, N stage, T stage or Age, confirming
that the proportional hazards assumption was satisfied for the multivariate model (Fig.
3¢, Table S7).

A nomogram integrating RiskScore and N stage was constructed to predict 1-, 3- and
S-year OS probability (Fig. 3d). Calibration curves demonstrated close agreement
between predicted and observed OS probabilities for the 3- and 5-year models, while
the 1-year model showed a mild overestimation at lower predicted probabilities (Fig.
3e). Decision curve analysis indicated that the nomogram conferred clinically

meaningful net benefit over both the treat-all and treat-none strategies for 3- and 5-year

9
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OS across a broad range of threshold probabilities (Fig. 3f). For 1-year OS, the

172 nomogram avoided the net harm associated with the treat-all strategy at higher threshold
173  probabilities, although its incremental benefit over the treat-none strategy was
174  comparatively modest. Time-dependent ROC analysis of the nomogram yielded AUC
175  values of 0.648, 0.736 and 0.713 for 1-, 3- and 5-year OS, respectively, exceeding the
176  corresponding RiskScore-alone AUCs (Fig. 3g).
177  Collectively, the RiskScore-based nomogram combining RiskScore and N stage
178  showed improved discrimination and clinical net benefit relative to RiskScore alone,
179  supporting its potential utility for individualized OS prediction based on internal
180  wvalidation in the training set.
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182  Fig. 3 Construction and evaluation of the prognostic nomogram. (a) Forest plot of
183  univariate Cox regression for RiskScore and clinicopathological variables. (b) Forest
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plot of multivariate Cox regression for variables retained after stepwise selection. (c)
Scaled Schoenfeld residual plots testing the proportional hazards (PH) assumption for
RiskScore, N stage, T stage and Age. (d) Nomogram predicting 1-, 3- and 5-year OS
probability based on RiskScore and N stage. (e) Calibration curves for 1-, 3- and 5-year
OS predicted by the nomogram. (f) Decision curve analysis (DCA) of the nomogram
for 1-, 3- and 5-year OS. (g) Time-dependent ROC curves of the nomogram for 1-, 3-

and 5-year OS

2.4 Differential Immune Cell Infiltration and Mutational Landscape between Risk
Groups

CIBERSORT deconvolution showed that MO macrophages, T cells CD4 memory
resting and T cells CD8 were the predominant immune cell types in both risk groups
(Fig. 4a). Wilcoxon rank-sum comparison identified significant differences between
HRG and LRG for several immune cell types (Fig. 4b): M0 macrophages and mast cells
activated were significantly increased in the HRG (both P < 0.0001), whereas T cells
CD8, T cells follicular helper and T cells regulatory (Tregs) were significantly
decreased in the HRG (P < 0.01, P <0.01 and P < 0.001, respectively); the remaining
cell types showed no significant difference.

Among immune cell pairs meeting the correlation threshold (|cor| > 0.3, P < 0.05), mast

cells activated were negatively correlated with mast cells resting (cor = —0.775, P =

4.17x107"7), MO macrophages were negatively correlated with T cells CD8 (cor =
—0.599, P = 2.39x107%*) and T cells CD4 memory activated (cor = —0.513, P =
7.03x107%7), T cells CD8 were positively correlated with T cells CD4 memory activated
(cor=0.559, P=1.55x107%?), T cells regulatory (Tregs) were positively correlated with
T cells follicular helper (cor = 0.364, P = 2.61x107"%), and mast cells activated were
negatively correlated with T cells CD8 (cor = —0.330, P = 4.38x107'") (Fig. 4¢, Table
S8). For prognostic gene—immune cell correlations, only ACACB expression met the

same threshold, showing positive correlations with B cells naive (cor = 0.306, P =
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1.16x107°) and Tregs (cor = 0.327, P =7.26x107"") (Fig. 4d, Table S9).

Oncoplots of the top 20 mutated genes showed TP53 as the most frequently mutated
gene in both the HRG (78%) and LRG (58%), followed by TTN (40% vs. 45%), FAT1
(24% vs. 19%) and CDKN2A (23% vs. 19%); NSD1 ranked among the top mutated
genes in the LRG (21%) but not in the HRG (Fig. 4e—f). Mutation frequency
comparison (HRG, n =272; LRG, n = 160) showed that TP53 was significantly more
frequently mutated in the HRG (211/272, 78% vs. 93/160, 58%; P < 0.001), whereas
NSDI1 and several genes including C8B, PASD1, PRRC2B, SNX14 and SCN11A were
significantly more frequently mutated in the LRG; ASXL1 and YLPM1 were mutated

exclusively in the HRG (all P <0.05) (Fig. 4g).
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Fig. 4 Immune infiltration and mutational landscape of risk groups. (a)
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CIBERSORT-estimated immune cell composition in LRG and HRG. (b) Comparison
of immune cell proportions between LRG and HRG. (c) Correlation matrix among
immune cell types. (d) Correlation between prognostic gene expression and immune
cell proportions. (¢) Oncoplot of the top 20 mutated genes in the HRG. (f) Oncoplot of
the top 20 mutated genes in the LRG. (g) Forest plot comparing mutation frequencies
between HRG and LRG. (h) TMB comparison between LRG and HRG. (i) Correlation

between RiskScore and TMB in LRG and HRG

TMB did not differ significantly between the LRG and HRG (Wilcoxon P = 0.89) (Fig.
4h). RiskScore was significantly positively correlated with TMB in the LRG (cor =
0.18, P =0.023) but showed no significant correlation in the HRG (cor = —0.017, P =
0.78) (Fig. 4i). HRG and LRG showed distinct immune cell infiltration patterns and
mutational profiles, with comparable overall tumor mutation burden between groups.
2.5 Risk-Associated and Prognostic Gene-Specific KEGG Pathway Enrichment
GSEA comparing HRG and LRG (P < 0.05, FDR < 0.25, INES| > 1) showed that
ribosome (NES =2.93, P = 2.19x107%°) and oxidative phosphorylation (NES = 2.14, P
=2.86x107°) were positively enriched in the HRG, whereas primary immunodeficiency
(NES =—-2.41, P = 1.89x107'?) and cell adhesion molecules (CAMs) (NES =—-2.05, P
=4.81x107*) were enriched in the LRG (Fig. 5a, Fig. S1a).

Single-gene GSEA of the prognostic genes identified largely distinct but partly
overlapping pathway signatures relevant to tumor metabolism, adhesion, and cancer-
associated signaling. ACACB expression was associated with cell adhesion molecules
(NES =1.44, P=3.81x10"*) and the phosphatidylinositol signaling system (NES = 1.54,
P = 6.18x10*) (Fig. 5b, Fig. S1b). ACADL expression was associated with the
neuroactive ligand-receptor interaction pathway (NES = 1.33, P =8.07x107°) and drug
metabolism—cytochrome P450 (NES = 1.39, P=3.61x107?) (Fig. 5¢, Fig. S1c). GPR12
expression was negatively associated with proteasome (NES = —3.57, P = 2.36x107'?)

and positively associated with drug metabolism—cytochrome P450 (NES = 1.89, P =
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3.25%107) (Fig. 5d, Fig. S1d). PRKAA?2 expression was associated with the insulin
signaling pathway (NES = 1.52, P=1.20x107°) and the mTOR signaling pathway (NES
=1.49, P=5.63x1073) (Fig. Se, Fig. Sle). SERPINAS expression was associated with
ECM receptor interaction (NES =2.10, P=6.12x107'%) and focal adhesion (NES = 1.80,
P = 1.72x107'%) (Fig. 5f, Fig. S1f). SLC25A20 expression was associated with cell
adhesion molecules (NES = 1.93, P =3.04x107'*) and hematopoietic cell lineage (NES
=1.92, P=7.40x10"") (Fig. 5¢g, Fig. S1g).

Among the six prognostic genes, pathways in cancer was commonly and significantly
enriched in PRKAA2 (NES = 1.21, P = 5.54x107), SERPINAS (NES = 1.32, P =
5.02x107°) and SLC25A20 (NES = 1.22, P = 4.20x1073), suggesting a shared
association with oncogenic signaling among these prognostic genes. Collectively, HRG
and LRG showed distinct KEGG pathway enrichment at the group level, and each
prognostic gene showed a largely distinct pathway correlation profile, with pathways

in cancer as a shared feature among PRKAA2, SERPINAS and SLC25A20(Table S10).
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Fig. 5 GSEA of risk groups and prognostic genes. (a) Top KEGG legacy pathways
enriched between HRG and LRG. (b) Top KEGG legacy pathways associated with
ACACB expression. (¢c) Top KEGG legacy pathways associated with ACADL
expression. (d) Top KEGG legacy pathways associated with GPR12 expression. (e) Top
KEGG legacy pathways associated with PRKAA?2 expression. (f) Top KEGG legacy
pathways associated with SERPINAS expression. (g) Top KEGG legacy pathways

associated with SLC25A20 expression

2.6 Prognostic Genes Are Associated with Drug Sensitivity, Distinct Subcellular
Localization and Functional Networks
Comparison of predicted 1Cso between risk groups identified drugs with significantly

higher predicted ICso in the HRG, including AZD4547 (P =3.7x1072%), PD173074 (P =
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1.67x1072"), Navitoclax (P = 1.67x1072°), EPZ004777 (P = 1.7x107%°) and Bortezomib
(P = 2.31x107"), indicating reduced predicted sensitivity to these agents in HRG
patients (Fig. 6a, Table S11).

Correlation analysis between prognostic gene expression and predicted drug ICso (|cor| >
0.3, P < 0.05) showed that ACACB expression was negatively correlated with ICso of
Axitinib (cor = —0.735, P = 1.96x1077") and JQ1 (cor = —0.732, P = 1.21x107°),
SLC25A20 expression was negatively correlated with ICso of Axitinib (cor =—0.587, P
= 5.41x10%), and PRKAA2 expression was positively correlated with ICso of
Obatoclax Mesylate (cor = 0.577, P =3.93x107*") (Fig. 6b, Table S12).

Subcellular localization analysis showed that ACADL, PRKAA2, ACACB and
SLC25A20 were predominantly localized to the mitochondrion, whereas GPR12 was
predominantly localized to the plasma membrane; all six genes showed detectable
proportions in the nucleus and cytosol (Fig. 6¢). The GeneMANIA functional network
of the six prognostic genes and their interacting partners (including JPT2, ACACA,
HADHA, STK11, PROC, THBD, FGG, FGB and CPT1B) was dominated by physical
interactions, with annotated functions including regulation of coagulation, regulation of
hemostasis, and fatty acid transmembrane transport (Fig. 6d). Collectively, the six
prognostic genes showed distinct associations with predicted drug sensitivity, largely
mitochondrial or membrane-associated subcellular localization, and a functional

interaction network centered on coagulation- and lipid metabolism-related partners.
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Fig. 6 Drug sensitivity, subcellular localization, functional network. (a) Predicted
ICso of the top 10 differential drugs between LRG and HRG. (b) Spearman correlation
heatmap between prognostic gene expression and predicted drug ICso. (c) Subcellular
localization proportions of the six prognostic genes. (d) GeneMANIA functional

interaction network of the prognostic genes

2.7 Single-Cell Landscape Identifies Fibroblasts as the Key Cell Population Linked
to Prognostic Gene Expression

Quality-controlled cells (Table S13) were resolved into 26 preliminary clusters based
on PCA of the top 2000 HVGs (Fig. S2a), with the elbow plot and JackStraw

permutation test (P < 0.05) confirming the informativeness of the leading principal
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components (Fig. S2b—c¢) and clustree analysis supporting a resolution of 0.2 (Fig. S2d—
f). These clusters were consolidated into nine major cell populations, which showed
clear separation between tumor and normal samples on UMAP (Fig. 7a-b).

Based on canonical markers (Fig. 7¢), the nine populations were annotated as T cells
(XCL2, GZMH), Fibroblasts (PCOLCE2, TCF21), Macrophages (C1QC, FCN1), B
Plasma cells (BANKI1, FCRLI), Epithelial cells (IVL, KRT19), Endothelial cells
(ACKRI1, SELE), Dendritic cells (LILRA4, CLEC4C), Myocytes (MYOCD, CASQ?2)
and Mast cells (TPSABI1, TPSB2). Cell composition differed markedly between groups
and was consistent across samples (Fig. 7d, Fig. S2g): Fibroblasts decreased in Tumor
(P<0.001), while B Plasma cells (P < 0.001), Epithelial cells (P < 0.01), Macrophages
(P<0.01), Dendritic cells (P <0.05) and Mast cells (P <0.01) increased; T cells showed
no difference (Fig. 7e).

Among the five prognostic genes detectable in the single-cell data, ACADL,
SERPINAS, PRKAA2, ACACB and SLC25A20 showed highest expression in
Fibroblasts, with PRKAA?2 also enriched in Myocytes and ACACB in Endothelial cells
(Fig. 7f). Four genes (ACADL, PRKAA2, SERPINAS, SLC25A20) were significantly
differentially expressed in Fibroblasts between groups (all P <0.001); ACACB was not
(Fig. 7g). GO BP enrichment of Fibroblast tumor-versus-normal DEGs (adjusted P <
0.05) was dominated by extracellular matrix organization, extracellular structure
organization and external encapsulating structure organization (all adjusted P =
5.57x107?"), followed by collagen fibril organization (adjusted P=6.67x107"?), collagen
metabolic process (adjusted P = 9.15x107'") and cartilage development (adjusted P =
1.04x107°) (Fig. 7Th, Table S14). These results identify Fibroblasts as the cell population
most consistently linked to tumor-associated compositional change and prognostic gene
dysregulation, with fibroblast-specific DEGs enriched in extracellular matrix-related

processes.
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Fig. 7 Single-cell characterization of the tumor microenvironment. (a) UMAP plot
colored by tumor/normal group. (b) UMAP plot colored by annotated cell type. (c) Dot
plot of marker gene expression supporting cell type annotation. (d) Stacked bar plot of
cell type proportions by group. (e) Violin plots comparing cell type proportions between
tumor and normal groups. (f) Dot plot of prognostic gene expression across annotated
cell types. (g) Violin plots of prognostic gene expression by cell type and group. (h) GO

BP enrichment dot plot of tumor-vs-normal DEGs in Fibroblasts

2.8 Enhanced Fibroblast-Centered Intercellular Communication Network in
Tumor Tissue

Cell—cell communication network analysis identified significant ligand—receptor pairs
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among the nine cell populations in both groups. Tumor tissue showed higher inferred
overall interaction number and strength than Normal (Fig. S3a—b). In both groups,
Fibroblasts were the dominant hub, with the highest interaction count/strength as both
sender and receiver, strong autocrine signaling, and prominent connections to Epithelial
cells, Endothelial cells, Macrophages and Myocytes (Fig. 8a—d); this hub pattern was
further strengthened in Tumor. With Fibroblasts as receiver, collagen
(COL1A1/COL1A2/COL4A1/COL6A1-CD44), laminin (LAMA4/LAMB2/LAMCI -
CD44), PDGFC/PDGFD-PDGFRA/PDGFRB, TGFBI-(TGFBRI+TGFBR2) and
THBS1/THBS2-CD47 signals were prominent in Tumor but largely absent in Normal,
mainly from Fibroblasts, Endothelial cells, Epithelial cells and Myocytes (Fig. 8e). As
sender, Fibroblasts signaled to Endothelial cells, Epithelial cells, Macrophages and T
cells via THY1-ADGRES, THBS2-CD47, PDGFD-PDGFRB, NTN4-NTRK2 and
CXCLI12-CXCR4 in both groups; Tumor additionally showed expanded chemokine
(CXCL1/2/6/8/13/16), complement (C3-C3AR1) and MHC-I/II (HLA-A/B/C, HLA-
DRBI, HLA-DPB1)-CD4/CD8 signaling toward T cells, Dendritic cells and B Plasma
cells (Fig. 8f). These results indicate that Fibroblasts showed the highest predicted
interaction count and strength among the nine cell populations, with tumor-associated
remodeling marked by expanded collagen/laminin—-CD44, PDGF, TGFB, and THBS

signaling.
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Fig. 8 Cell-cell communication network changes between Normal and Tumor
tissue. (a) Circle plot of interaction number among nine cell types in Normal tissue. (b)
Circle plot of interaction strength among nine cell types in Normal tissue. (¢) Circle
plot of interaction number among nine cell types in Tumor tissue. (d) Circle plot of
interaction strength among nine cell types in Tumor tissue. (€) Bubble plot of significant
ligand—receptor pairs with Fibroblasts as the receiving population, Normal (left) vs.
Tumor (right). (f) Bubble plot of significant ligand—receptor pairs with Fibroblasts as

the sending population, Normal (left) vs. Tumor (right)

2.9 Pseudotime Trajectory, Cell-Cycle Distribution and Metabolic
Reprogramming of Key Cell Populations

Pseudotime analysis of the down-sampled Fibroblast subset resolved a branched
trajectory with three states (State 1-3) rooted near the branch point. Fibroblasts 0 was

Normal-enriched near the root at low pseudotime, while Fibroblasts 1 was Tumor-
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enriched at the distal high-pseudotime branch (Fig. 9a, Fig. S3c—e), indicating a
pseudotime ordering from a normal-enriched state toward a tumor-enriched state under
the selected root. The five prognostic genes (ACACB, ACADL, PRKAA2, SERPINAS,
SLC25A20) were expressed mainly at low-to-intermediate pseudotime (Fibroblasts 0)
and largely lost at high pseudotime (Fibroblasts 1) (Fig. 9b, Fig. 9¢), indicating
progressive down-regulation along this trajectory. Cell-cycle scoring showed G1-phase
predominance across all cell types and within Fibroblasts, with S/G2M cells forming
discrete peripheral subpopulations (Fig. 9d—e). Fibroblast S-phase proportion was
lower in Tumor than Normal, with a corresponding G1 increase (Fig. 9f).

Metabolic scoring showed cell-type-specific tumor-associated changes (Fig. 9g):
oxidative phosphorylation, valine/leucine/isoleucine biosynthesis and
phenylalanine/tyrosine/tryptophan biosynthesis were elevated in Tumor Epithelial cells
and Macrophages, while in Fibroblasts, metabolism of xenobiotics by cytochrome P450,
drug metabolism-cytochrome P450 and arginine biosynthesis were lower in Tumor.
Among the most significantly altered Fibroblast pathways, retinol metabolism, ether
lipid metabolism and fatty acid degradation were significantly decreased in Tumor (all
P < 0.001), while oxidative phosphorylation was significantly increased (P < 0.001)
(Fig. S3f). Collectively, these results suggest that the tumor-associated fibroblast state
is marked by loss of prognostic gene expression along pseudotime, reduced S-phase
proportion, and a shift from fatty-acid/xenobiotic metabolism toward oxidative

phosphorylation.
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Fig. 9 Pseudotime trajectory, cell-cycle distribution, and metabolic activity of
Fibroblasts. (a) Pseudotime trajectory of the down-sampled Fibroblast subset
(DDRTTree), colored by inferred pseudotime. (b) Heatmap of prognostic gene (ACACB,
ACADL, PRKAA2, SERPINAS, SLC25A20) expression along the pseudotime
trajectory. (c) Expression trends of the five prognostic genes across pseudotime, colored
by inferred state. (d) UMAP plot of all annotated cell types colored by cell-cycle phase
(G1, S, G2M). (e) UMAP plot of the Fibroblast subset colored by cell-cycle phase. (f)
Cell-cycle phase proportions in Fibroblasts, Normal vs. Tumor. (g) Bubble plot of

AUCell metabolic pathway activity scores across cell types, Normal vs. Tumor
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3. Discussion

HNSCC displays marked molecular heterogeneity, and conventional TNM staging
has inherent limits in stratifying survival disparities among patients with comparable
anatomical stages, underscoring an unmet need for complementary molecular
prognostic tools; yet the systematic prognostic relevance of carnitine metabolism—a
core component of tumor lipid metabolic reprogramming—remains incompletely
elucidated in HNSCC>!#15,

Using differential expression analysis, intersection with carnitine metabolism gene
sets, and sequential univariate and multivariate Cox regression, we developed a six-
gene prognostic risk model comprising ACADL, SERPINAS, PRKAA2, ACACB,
SLC25420, and GPR12, with 1-, 3-, and 5-year overall survival AUCs of 0.65, 0.66,
and 0.65 in the training cohort, and externally validated it in the independent GSE41613
cohort. The high-risk subgroup was characterized by dysregulated immune infiltration,
increased TP53 mutational frequency, and diminished predicted sensitivity to multiple
agents including FGFR inhibitors and bortezomib; single-cell analysis further mapped
expression alterations of five detectable prognostic genes to fibroblasts, which
exhibited metabolic reprogramming (reduced fatty acid oxidation, elevated oxidative
phosphorylation) along pseudotime trajectories and augmented hub status in the tumor
intercellular communication network. Collectively, these findings provide systematic
bulk and single-cell transcriptomic evidence delineating the prognostic value of
carnitine metabolism-related genes in HNSCC and their roles in tumor

microenvironment remodeling.
Biochemically, ACACB, PRKAA2, SLC25420, and ACADL map to regulatory,

transport, and oxidation components surrounding the canonical carnitine shuttle®.
ACACB-encoded acetyl-CoA carboxylase p produces malonyl-CoA to allosterically
inhibit CPT1 at the entry step', while PRKAA2-encoded AMPK a2 can relieve this
inhibition by phosphorylating and suppressing ACC activity, thereby lowering malonyl-
CoA, forming a canonical antagonistic regulatory pair!”. SLC25420 mediates

acylcarnitine translocation across the inner mitochondrial membrane'®, and ACADL
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catalyzes the initial dehydrogenation step of long-chain fatty-acid PB-oxidation'?,
comprising the shuttle’s transport-oxidation execution module.

The four-gene carnitine shuttle module showed discordant prognostic effects in
univariate Cox analysis: ACADL (HR = 1.455) and PRKAA2 (HR = 1.132) were risk
factors, while SLC25420 (HR = 0.820) and ACACB (HR = 0.872) were protective,
indicating non-uniform roles of distinct shuttle submodules in HNSCC progression,
consistent with reported stage-dependent fatty acid oxidation utilization?%2!.

GSEA aligned with their molecular functions: PRKAA2 in insulin/mTOR
signaling??; ACADL in the KEGG basal cell carcinoma pathway (which should be
interpreted as shared pathway-gene enrichment rather than histologic specificity?*?;
and CYP450 drug metabolism; SLC25420 in cell adhesion and hematopoietic lineage
pathways; ACACB in the cell adhesion pathway. Notably, PRKAA2, SLC25A420, and
SERPINAS co-enriched in the pan-cancer “pathways in cancer” signature®, suggesting
their prognostic value extends beyond carnitine metabolism to shared oncogenic
signaling.

At single-cell resolution, ACADL, PRKAA2, and SLC25420 are predominantly
expressed in fibroblasts. ACADL and SLC25420 are markedly downregulated in tumor-
resident fibroblasts, consistent with reduced fatty acid degradation and elevated
oxidative phosphorylation, indicating carnitine shuttle dysregulation extends to stromal
fibroblasts?6?’. PRKAA2 correlates positively with predicted ICso of Bcl-2 inhibitor
obatoclax mesylate, suggesting a potential association with AMPK-related drug
resistance rather than chemosensitization’®. 4CACB, the sole immune-linked
prognostic gene, correlates positively with Tregs and naive B cells, implying shared
upstream metabolic backgrounds without verified causality®.

SERPINAS, a serine protease inhibitor family member that negatively regulates the
coagulation-fibrinolysis axis, has been reported to modulate matrix degradation and
tumor cell invasion by inhibiting extracellular protease activity’®. In our study,
SERPINAS was significantly enriched in ECM-receptor interaction and focal adhesion
pathways, indicating its prognostic relevance is driven by tumor-ECM crosstalk rather
than metabolic pathways>®!. Despite a predicted physical interaction with CPT1B in the
GeneMANIA network, this association remains a suggestive network-level observation
without biochemical validation.

GPR12, an orphan G protein-coupled receptor®®, exerts the strongest protective
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effect (HR = 0.211) among the six prognostic genes included in our risk model. GSEA
showed its significant inverse association with the proteasome pathway and positive
association with CYP450-mediated drug metabolism, indicating statistical associations
with proteostasis- and xenobiotic-metabolism-related gene programs>*. Nevertheless,
this remains a computational inference based on enrichment data. Its mechanistic role
in HNSCC is still undefined, as its endogenous ligands and downstream signaling
cascades have not been fully characterized.

Taken together, although both SERPINAS and GPRI12 are derived from the
intersection of carnitine-related gene sets and differentially expressed genes, their
prognostic associations map to two independent functional axes—ECM
remodeling/coagulation (SERPINAS) and protein homeostasis/xenobiotic metabolism
(GPR12)—rather than direct participation in carnitine shuttle transport or oxidation,
suggesting the six-gene risk model’s prognostic performance arises from multiple
functionally distinct molecules rather than a single metabolic pathway.

Patients in the high-risk group exhibited significantly elevated proportions of MO
macrophages and activated mast cells, alongside reduced CD8" T cells, follicular helper
T (Tth) cells, and regulatory T cells (Tregs), indicative of a tumor microenvironment
skewed toward innate immune infiltration and impaired adaptive antitumor immunity>°.
Increased MO macrophages, an incompletely polarized subset, reflect dysregulated
local macrophage polarization rather than enrichment of immunosuppressive M2
macrophages—a nuance critical for immunological interpretation®®. Concurrent
declines in CD8" T cells and Tfh cells align with the inferior survival of high-risk
patients, consistent with reports linking inadequate cytotoxic T-cell infiltration to
unfavorable HNSCC prognosis®’. Recent spatial and single-cell profiling identified an
HNSCC CAF subset associated with restricted CD8" T-cell infiltration and antitumor
activity®®, providing a disease-specific context in which the reduced CD8* T-cell
abundance and enhanced fibroblast communication observed here may represent
coordinated features of an immune-excluded microenvironment rather than a
demonstrated causal axis.

Notably, decreased Treg abundance in the high-risk group runs counter to the
canonical paradigm that Treg accumulation fosters immune evasion and portends
poorer outcomes>’. Nevertheless, the prognostic relevance of Tregs exhibits substantial

heterogeneity across malignancies; in select HNSCC cohorts, Treg infiltration
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correlates with favorable survival, putatively by restraining aberrant inflammation and
preserving tissue homeostasis*’, supporting a context-dependent immunomodulatory
role of Tregs in the HNSCC microenvironment.

Somatic mutation profiling identified significant enrichment of NSDI, C8B,
PASD1, PRRC2B, SNX14 and SCN11A4 mutations in the low-risk group. NSD1, a histone
methyltransferase whose loss-of-function mutations define a distinct HPV-negative
HNSCC subtype with unique methylation signatures and indolent clinical course!,
showed enrichment concordant with favorable low-risk prognosis, suggesting
overlapping molecular traits and supporting combined stratification with metabolic risk
scores. Conversely, high-risk-exclusive ASXL/ and YLPMI mutations, involved in
chromatin modification and transcriptional regulation*’, implicate epigenetic
dysregulation in the high-risk phenotype*, though their low mutation frequency
warrants validation in larger independent cohorts.

Computational drug sensitivity profiling revealed diminished responsiveness to
multiple agents in the high-risk group, most notably FGFR inhibitors AZD4547 and
PD173074. As FGFR pathway activation is linked to targeted therapy response in
HNSCC subsets*, this is consistent with lower predicted FGFR inhibitor sensitivity in
high-risk patients and provides a hypothesis for preclinical validation rather than direct
clinical stratification. Gene-level ICso correlation analyses provided supporting
evidence at the gene level. ACACB and SLC25A420 expression inversely correlated with
predicted ICso of VEGFR inhibitor axitinib (cor = —0.735, —0.587), aligning with their
protective prognostic roles (HR =0.872, 0.820) and indicating the low-risk state marked
by these genes confers favorable anti-angiogenic responses, supporting investigation of
metabolism-angiogenesis combination therapies®. PRKAA2 expression positively
correlated with Bcl-2 inhibitor obatoclax mesylate ICso (cor = 0.577), consistent with
AMPK-driven Bcl-2 inhibitor resistance via elevated autophagy?®, suggesting
autophagy inhibition may augment efficacy in AMPK-high subsets. Importantly, all
predictions represent computational inferences derived from GDSC2 cell line data and
expression profiles, not direct clinical drug response observations. Although these
predictions provide directional insights for drug screening and combinatorial regimens,
their translational utility warrants validation in organoid/cell-based assays and
prospective cohorts.

Single-cell analysis revealed a paradox among tumor-resident fibroblasts: despite
27
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a lower captured proportion in the tumor scRNA-seq dataset, they were predicted to
form the core hub of the intercellular communication network. This pattern is consistent
with altered fibroblast state and communication activity rather than simple loss of
captured fibroblasts*®, concordant with the well-documented “low-abundance, high-
impact” paradigm of CAFs, which drive matrix remodeling and signaling via ECM
components and mediators across solid tumors*’. Recent single-cell studies in HNSCC
identified functionally distinct CAF states, including SFRP2+ CAFs with strong
crosstalk with SPP1+ tumor-associated macrophages and pro-invasive CAF

4849 supporting the biological plausibility of a highly connected fibroblast

populations
state despite limited captured representation; spatial and functional validation remains
necessary. Pseudotime trajectory analysis showed all five detectable prognostic genes
were highly expressed in normal-enriched Fibroblasts 0 (low-to-intermediate
pseudotime) but progressively downregulated in tumor-enriched Fibroblasts 1 (high
pseudotime). This downward trend is consistent with transcriptional differences
between normal-enriched and tumor-enriched fibroblast states, without establishing a
lineage transition>’. Metabolically, CAFs exhibited diminished retinol, ether lipid and
fatty acid degradation alongside elevated oxidative phosphorylation, indicating
adaptive energy substrate reprogramming’'. Concordant with downregulated fatty acid
oxidation genes (ACADL, SLC25A420), these findings are consistent with metabolic
remodeling in tumor-associated fibroblasts®®>. Experimental studies in OSCC have
shown enhanced mitochondrial oxidative phosphorylation in CAFs and tumor-driven
lipid biosynthesis in CAFs through the IL8/AKT/p-ACLY axis 3>, indicating that the
elevated oxidative phosphorylation and reduced fatty-acid-degradation scores observed
here are biologically plausible features of CAF metabolic remodeling. Nevertheless,
because these scores reflect inferred pathway activity rather than direct metabolic flux,
they do not establish changes in metabolic flux or a true lineage transition between
normal-enriched and tumor-enriched fibroblast states; the proposed substrate

compensation mechanism therefore warrants validation via Seahorse assays or stable
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isotope tracing.

Cell—cell communication analysis confirmed a markedly expanded fibroblast-
centered signaling network in tumors. Collagen/laminin—-CD44, PDGF-PDGFR,
TGFB-TGFBR, and THBS-CD47 matrix-remodeling ligand-receptor pairs were
detected preferentially in tumors or showed higher inferred communication. These
well-validated drivers of fibroblast activation corroborate ECM-related differential
gene enrichment, offering convergent evidence from transcriptomic and cell—cell
communication dimensions®*. As signal senders, tumor fibroblasts deliver expanded
signals to immune cells via chemokines, complement and MHC molecules, indicating
roles beyond structural support in immune recruitment and antigen presentation
modulation®. This lends transcriptomic support for immunoregulatory fibroblasts in
HNSCC, a subset characterized across multiple malignancies®. Experimental work in
OSCC has shown that CAF-intrinsic NNMT can promote angiogenesis and tumor
growth through epigenetic regulation of the ETS2/VEGFA axis®’, demonstrating that
CAF functions in HNSCC/OSCC can be established by mechanistic experiments rather
than inferred solely from ligand-receptor co-expression. This provides a functional
precedent for prioritizing the PDGF/TGFB/THBS and immune-related interactions
identified here for validation, while CellChat predictions themselves should not be
interpreted as confirmed signaling events.

Collectively, integrating TCGA-HNSCC transcriptomes with carnitine metabolism
gene sets, we developed and externally validated a six-gene prognostic risk model for
HNSCC. We systematically characterized the prognostic value of CRGs and their links
to tumor microenvironment remodeling, spanning immune infiltration, mutational
landscape, drug sensitivity, and single-cell fibroblast metabolic reprogramming. Our
findings offer a robust transcriptomic basis for downstream mechanistic studies.

Nevertheless, several limitations warrant acknowledgment. First, this study is
based entirely on retrospective, publicly available transcriptomic datasets of limited

size, including 449 TCGA-HNSCC samples for prognostic modeling, 94 HPV-negative
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OSCC samples (GSE41613) for external validation, and 20 tumor plus 9 adjacent
normal samples (GSE181919) for single-cell analysis, and no experimental validation
was performed. Second, the external GSE41613 cohort exhibited pronounced sample
imbalance following maxstat stratification (10 vs. 84 patients), potentially
compromising the robustness of survival and ROC analyses; model generalizability
therefore requires replication in larger, well-balanced independent cohorts. Moreover,
the validation cohort was dichotomized using a validation-set-specific maxstat cutoff
rather than a prespecified training-derived threshold, which may introduce optimism
into survival separation and should be addressed in future validation. Third, immune
infiltration (CIBERSORT), drug sensitivity (oncoPredict), and CellChat-derived cell—
cell communication represent in silico transcriptomic predictions, denoting correlative
rather than causal associations. CellChat-identified ligand—receptor pairs mirror gene-
level coexpression, not validated protein-level signal transduction; all inferences
require experimental validation via immunohistochemistry, co-culture systems, or
functional perturbation assays. Fourth, low-resolution (0.02) re-clustering of
downsampled single-cell fibroblasts enabled pseudotime trajectory inference but
precluded identification of functional subsets (e.g., myofibroblast-like and
inflammatory cancer-associated fibroblasts); high-resolution fine-mapping of fibroblast
subpopulations remains to be addressed. Fifth, disease subtype heterogeneity across
training (full TCGA-HNSCC), validation (HPV-negative OSCC), and single-cell (no
explicit HPV stratification) cohorts may constrain cross-cohort generalizability of both
the model and single-cell observations.

Looking forward, functional validation of the fatty acid oxidation module (marked
by ACADL, PRKAA2, and SLC25A420) in HNSCC cell lines and organoid models should
be prioritized to delineate their causal contributions to tumor metabolic phenotypes and
tumor—fibroblast crosstalk. Concurrently, high-resolution CAF subtyping paired with
spatial transcriptomic mapping of key fibroblast subsets relative to tumor and immune

cells will enable finer mechanistic dissection of how fibroblast metabolic
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reprogramming and signaling networks drive HNSCC progression.

4. Materials and methods

4.1 Data sources

RNA sequencing expression data, somatic mutation data, and matched clinical and
survival information for HNSCC were obtained from The Cancer Genome Atlas
(TCGA, http://cancergenome.nih.gov/) database (TCGA-HNSC cohort; data accessed
on 30 May 2026). Samples included human primary tumor tissues and adjacent solid
normal tissues, yielding 515 samples (471 tumor and 44 normal) for differential
expression analysis between tumor and normal tissue. For prognostic modeling, a total
of 449 primary tumor samples were included after selecting cases with complete overall
survival (OS) status and follow-up time (OS.time) exceeding 90 days from the initial
471 tumor samples, thereby excluding those with insufficient follow-up®®.

An independent external validation cohort (GSE41613, platform GPL570) was
downloaded from the Gene Expression Omnibus (GEO,
https://www.ncbi.nlm.nih.gov/geo/) database (data accessed on 30 May 2026),
comprising human HPV-negative oral squamous cell carcinoma (OSCC) tissue. The
original cohort included 97 samples; after excluding samples with OS.time < 90 days,
94 samples were retained for external validation of the risk model®.

A single-cell RNA sequencing (scRNA-seq) dataset (GSE181919, platform GPL20301)
was obtained from the GEO database (data accessed on 30 May 2026), comprising 20
HNSCC tumor samples and 9 paired adjacent normal tissue samples, and was used for
single-cell-level analyses®.

CRGs were retrieved from the Molecular Signatures Database (MSigDB,
https://www.gsea-msigdb.org/gsea/msigdb/index.jsp) using the keyword “Carnitine”;
seven gene sets (GOBP_CARNITINE METABOLIC PROCESS,
GOBP_CARNITINE_TRANSPORT, REACTOME_CARNITINE SHUTTLE,

GOBP_CARNITINE TRANSMEMBRANE TRANSPORT,
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GOBP_CARNITINE BIOSYNTHETIC PROCESS,

HP_ABNORMAL CIRCULATING CARNITINE CONCENTRATION, and
HP DECREASED PLASMA CARNITINE) were merged and deduplicated to
generate the CRG list used for subsequent intersection with differentially expressed

genes (DEGs) (Table S1).

4.2 Differential expression analysis and functional characterization of candidate
genes

Using the integer-count expression matrix of the TCGA-HNSCC training set (471
tumor and 44 normal samples, Section 4.1), differential expression analysis between
tumor and normal tissue was performed with the R package “DESeq2” (v1.40.2) based

1%!; genes with [logz fold change (log2FC)| > 1 and adjusted

on a negative binomial mode
P < 0.05 were defined as DEGs. Volcano plots were generated with the R packages
“ggplot2” (v3.5.2) and “ggrepel” (v0.9.6, https://CRAN.R-
project.org/package=ggrepel)®?, and heatmaps of DEGs were produced with the R
package “ComplexHeatmap” (v2.16.0) ¢.

DEGs were intersected with the CRG list described in Section 4.1, and the overlapping
genes were defined as candidate genes; the overlap was visualized with a Venn diagram
generated using the R package “ggvenn” (v0.1.10) ®,

Gene Ontology (GO; Biological Process (BP), Cellular Component (CC), and
Molecular Function (MF)) and Kyoto Encyclopedia of Genes and Genomes (KEGQ)
enrichment analyses of candidate genes were performed with the R packages
“clusterProfiler” (v4.10.1) and “org.Hs.eg.db” (v3.18.0,
https://bioconductor.org/packages/org.Hs.eg.db/)®, using a local MSigDB KEGG gene
set file (Gene Matrix Transposed (GMT) format) as the pathway background and a
significance threshold of P < 0.05; combined GO/KEGG bar plots were generated with
“ggplot2” (v3.5.2), ranking pathways within each category by ascending P value. A
protein—protein interaction (PPI) network of candidate genes was constructed via the
application programming interface (API) of the Search Tool for the Retrieval of
Interacting Genes/Proteins (STRING) database (https://string-db.org), restricted to
Homo sapiens (NCBI Taxonomy ID: 9606) with an interaction confidence score

threshold of 0.40; the network was visualized with the R packages “ggraph” (v2.2.1,
https://CRAN.R-project.org/package=ggraph), “ggplot2” (v3.5.2), and “ggrepel”
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(v0.9.6).

4.3 Prognostic gene screening, risk model construction and external validation

Among TCGA-HNSCC training-set tumor samples with complete OS information,
univariate Cox regression analysis of candidate genes was performed with the R
package “survival” (v3.8.3)%; genes with univariate Cox P < 0.2 and a proportional
hazards (PH) assumption test P > 0.05 were retained as candidate prognostic genes.
Candidate prognostic genes were entered into a multivariate Cox regression model, and
bidirectional stepwise selection based on the Akaike Information Criterion (AIC) was
performed with the stepAIC function of the R package “MASS” (v7.3.60.0.1) to
identify the optimal model®’; the genes retained in the final model were defined as
prognostic genes. A risk score was calculated for each sample as the sum of the

expression level of each prognostic gene weighted by its regression coefficient from the

final Cox model:

riskZZ Coef (i)xexpr(i)
(=1)

i
where n denotes the number of prognostic genes retained in the final model, Coef;
denotes the regression coefficient of the i-th prognostic gene derived from the final
stepAIC Cox model fitted in the training set, and Expr; denotes the expression level of
the i-th prognostic gene.

In the training set, the optimal RiskScore cutoff was determined using the maxstat
method implemented in the R package “survminer” (v0.5.0)°%, and samples were
stratified into a high-risk group (HRG) and a low-risk group (LRG) accordingly;
Kaplan—Meier (KM) survival curves were plotted and compared using the log-rank test.
Time-dependent receiver operating characteristic (ROC) curves and the area under the
curve (AUC) at 1, 3, and 5 years were calculated with the R package “survivalROC”
(v1.0.3.1) to evaluate the predictive performance of RiskScore for OS®. In the external
validation cohort (GSE41613), RiskScore was calculated for each sample using the
coefficients from the final training-set model, and the same maxstat method was applied
to determine a validation-set-specific cutoff for risk stratification; KM and time-
dependent ROC analyses were repeated as above to evaluate external validation

performance.

4.4 Independent prognostic analysis and nomogram construction

RiskScore, calculated from the prognostic genes defined in Section 4.3, was integrated
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with available clinical variables (Age, Gender, Pathologic stage, Clinical stage, T stage,
N stage, M stage, and Tumor grade) of TCGA-HNSCC training-set patients. Univariate
Cox regression combined with the PH assumption test was performed with the R
package ‘“‘survival” (v3.8.3) to screen candidate variables; variables meeting the
univariate screening criteria were entered into a multivariate Cox regression model, and
those with an overall multivariate P < 0.05 and PH test P > 0.05 were retained for
nomogram construction. Nomogram models predicting 1-, 3-, and 5-year OS
probability were fitted with the R package “rms” (v6.8.1) and visualized with the R
package “regplot” (v1.1)’*7!, Calibration curves based on 200 bootstrap resamples were
generated to evaluate agreement between predicted and observed probabilities, and
decision curve analysis (DCA) was performed to assess the clinical net benefit of the
nomogram model relative to the treat-all and treat-none strategies.

4.5 Immune infiltration and mutational landscape analysis

The relative proportions of 22 immune cell types in TCGA-HNSCC training-set tumor
samples were estimated with the CIBERSORT algorithm implemented in the R package
“IOBR” (v0.99.0, https://github.com/IOBR/IOBR); only samples with a CIBERSORT
deconvolution P < 0.05 were retained for group comparison’?. Differences in immune
cell proportions between HRG and LRG were assessed with the Wilcoxon rank-sum
test. Correlations among immune cell proportions, and between RiskScore/prognostic
gene expression and immune cell proportions, were evaluated with Spearman
correlation analysis, using a threshold of |correlation coefficient (cor)| > 0.3 and P <
0.05.

Somatic mutation data for TCGA-HNSC were obtained with the R package
“TCGAmutations” (v0.3.0, https://bioconductor.org/packages/TCGAmutations/) and
matched to training-set risk groups by patient barcode using the R package “maftools”
(v2.18.0)7; oncoplots displaying the top 20 most frequently mutated genes were
generated separately for the HRG and LRG. Differences in mutation frequency between
HRG and LRG were assessed with the mafCompare function of “maftools” (v2.18.0),
and the top 20 genes showing the most significant mutation frequency differences (P <

0.05) were visualized as a forest plot. Tumor mutation burden (TMB) was calculated

based on a total exonic length of 38 Mb; differences in TMB between HRG and LRG
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were assessed with the Wilcoxon rank-sum test, and the association between RiskScore

and TMB was evaluated with Spearman correlation analysis.

4.6 Risk group and prognostic gene set enrichment analysis (GSEA)
Based on HRG/LRG grouping of the TCGA-HNSCC training set, a genome-wide

ranked gene list was generated with the R package “DESeq2” (v1.40.2), and GSEA
against the MSigDB KEGG legacy gene sets was performed with the R package
“clusterProfiler” (v4.10.1), using significance thresholds of P < 0.05, false discovery
rate (FDR) < 0.25, and |normalized enrichment score (NES)| > 1; among the
significantly enriched pathways, the top 5 pathways ranked by significance (ascending
P value) were displayed. For each prognostic gene, the Spearman correlation coefficient
between its expression level and the genome-wide expression profile was calculated to
generate a gene-specific ranked list, and single-gene GSEA against the same MSigDB
KEGG legacy gene sets was performed using the same significance thresholds
described above; for each gene, the top 5 pathways were displayed as representative

enrichment curves.

4.7 Drug sensitivity, subcellular localization, and functional network analysis of
prognostic genes

Half-maximal inhibitory concentration (ICso) values of candidate drugs for TCGA-
HNSCC training-set samples were predicted with the R package “oncoPredict” (v1.2)"#,
using expression and drug-response matrices from the GDSC2 dataset of the Genomics
of Drug Sensitivity in Cancer (GDSC, https://www.cancerrxgene.org/) database.
Differences in predicted ICso between HRG and LRG were assessed with the Wilcoxon
rank-sum test, and the top 10 drugs ranked by ascending P value were displayed as box
plots; associations between RiskScore/the prognostic genes identified in Section 4.3
and drug ICso were evaluated with Spearman correlation analysis, using a threshold of
|cor| > 0.3 and P < 0.05.

Subcellular localization of the proteins encoded by the prognostic genes identified in
Section 4.3 was obtained from the GeneCards database (https://www.genecards.org/),
with  localization evidence traced to the COMPARTMENTS database

(https://compartments.jensenlab.org/). Functional association networks of the
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prognostic genes, including physical interaction, co-expression, pathway co-
membership, genetic interaction, and predicted relationships, were constructed using
the GeneMANIA database (http://genemania.org).

4.8 Single-cell data quality control, clustering, and cell population annotation
Processed unique molecular identifier (UMI) count matrices and barcode metadata for
the GSE181919 single-cell dataset were imported with the R package “Seurat”
(v5.2.99.9006)”, retaining tumor and adjacent normal samples. The matrix followed
the quality-control criteria applied by the original data depositors (cells with 200—-8000
detected genes and mitochondrial gene content below 10% of total UMI counts; genes
detected in more than 0.1% of cells), and no additional cell-level filtering was
performed. Data were normalized using the LogNormalize method, and the top 2000
highly variable genes (HVGs) were identified with the FindVariableFeatures function
(vst method). Principal component analysis (PCA) was performed with RunPCA (npcs
= 50), and the number of informative principal components was assessed using an
elbow plot and the JackStraw procedure. Based on the top 50 principal components, a
shared nearest-neighbor graph was constructed with FindNeighbors, dimensionality
reduction was performed with RunUMAP for Uniform Manifold Approximation and
Projection (UMAP), and cell clustering was performed with FindClusters (resolution =
0.2)%.

Cell types were annotated based on cluster-specific marker genes identified by “Seurat”
(v5.2.99.9006), primarily referencing lineage marker signatures curated for HNSCC in
the literature®®, with HNSCC-relevant tissue markers from the CellMarker Human
database (v2.0, http://bio-bigdata.hrbmu.edu.cn/CellMarker/) used as supporting
evidence; final cell-type assignments were determined by integrating marker expression
evidence. UMAP plots were used to display the spatial distribution of annotated cell
types and tumor/normal grouping, and bubble plots were used to display representative
marker expression across clusters or cell types.

The proportion of each cell type was calculated per sample, and differences between
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tumor and normal groups were assessed with the Wilcoxon rank-sum test; expression
differences of prognostic genes within each cell type between tumor and normal groups
were also compared. Cell types showing significant differences in proportion together
with consistent differential expression evidence for prognostic genes were defined as
key cell types. GO BP enrichment analysis of tumor-vs-normal differential marker
genes in key cell types was performed with the R package “clusterProfiler” (v4.10.1),
using a significance threshold of adjusted P < 0.05.

4.9 Pseudotime, cell-cell communication, cell cycle, and metabolic pathway
analysis of key cell populations

Key cell subsets were extracted and down-sampled to a maximum of 3000 cells per
group (tumor and normal); re-clustering of the down-sampled cells was performed with
the R package “Seurat” (v5.2.99.9006) at a resolution of 0.02. Pseudotime trajectories
were constructed with the R package “monocle” (v2.30.1) using 1000 ordering genes
and Discriminative Dimensionality Reduction via Learning a Tree (DDRTree)’¢, with
the state containing the highest proportion of normal cells defined as the root state;
expression changes of prognostic genes and key cell subpopulations along pseudotime
were examined.

Cell—cell communication networks for the normal and tumor groups were constructed
separately with the R package “CellChat” (v2.2.0) using the CellChatDB.human
ligand-receptor database’’; the number and strength of interactions between cell types
were compared, with emphasis on differential ligand—receptor interactions involving
key cell types as signal senders or receivers.

Cell-cycle scores were assigned to all annotated single cells using the built-in S-phase
and G2M-phase marker gene sets in “Seurat” (v5.2.99.9006, CellCycleScoring
function); the proportions of cells in G1, S, and G2M phases within key cell types were
calculated per sample, and differences between tumor and normal groups were
compared with the Wilcoxon rank-sum test.

Single-cell metabolic pathway activity was scored with the R package “scMetabolism”
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(v0.2.1) combined with the R package “AUCell” (v1.22.0) using KEGG metabolism-
related gene sets?®’®; metabolic pathway activity was compared between tumor and
normal groups, with emphasis on key cell types, using a significance threshold of P <
0.05. Heatmaps and bubble plots were used to display representative pathway activity
across cell types and groups, and violin plots were used to display the most significantly
different pathways in key cell types.

4.10 Statistical analysis

All statistical analyses were performed in R (v4.3.3). Continuous variables were
compared between two groups using the Wilcoxon rank-sum test, and survival
differences between groups were assessed using the log-rank test. Correlations between
continuous variables were evaluated with Spearman correlation analysis. Univariate
and multivariate Cox proportional hazards regression were used to evaluate
associations between variables and OS, and the PH assumption was tested for each Cox
model. Unless otherwise specified, a two-sided P < 0.05 was considered statistically
significant; analysis-specific thresholds (e.g., for DEG screening, GSEA, and
correlation analyses) are described in the corresponding sections above.
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HNSC: https://portal.gdc.cancer.gov/projects/ TCGA-HNSC). The external validation
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https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE41613) and the single-cell

RNA-sequencing dataset GSE181919 (platform GPL20301;

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE181919) were downloaded

from the Gene Expression Omnibus. The carnitine-related gene sets

45



1100
1101
1102
1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127

(GOBP_CARNITINE  METABOLIC PROCESS,
GOBP_CARNITINE TRANSPORT, REACTOME CARNITINE SHUTTLE,
GOBP_CARNITINE TRANSMEMBRANE TRANSPORT,

GOBP_CARNITINE BIOSYNTHETIC PROCESS,

HP _ABNORMAL CIRCULATING CARNITINE CONCENTRATION, and

HP DECREASED PLASMA CARNITINE) were retrieved from the Molecular
Signatures Database (https://www.gsea-msigdb.org/gsea/msigdb/index.jsp). Protein—
protein interaction data were obtained from the STRING database (https://string-
db.org), drug sensitivity data from the GDSC2 dataset of the Genomics of Drug
Sensitivity in Cancer database
(https://www.cancerrxgene.org/downloads/bulk download), subcellular localization
information from GeneCards (https://www.genecards.org/) with evidence traced to the
COMPARTMENTS database (https://compartments.jensenlab.org/), and functional
association networks from GeneMANIA (http://genemania.org). Cell-type marker
evidence was obtained from the CellMarker Human database v2.0 (http://bio-
bigdata.hrbmu.edu.cn/CellMarker/). All data generated or analyzed during this study
are included in this article and its supplementary files. The R scripts used for data
processing and statistical analysis are available from the corresponding author upon
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Supplementary Figure legends

Fig. S1 Dot plots of KEGG legacy GSEA results. (a) Top 5 pathways enriched
between HRG and LRG. (b) Top 10 pathways associated with ACACB expression. (c)
Top 10 pathways associated with ACADL expression. (d) Top 10 pathways associated
with GPR12 expression. (e) Top 10 pathways associated with PRKAA2 expression. (f)
Top 10 pathways associated with SERPINAS expression. (g) Top 10 pathways
associated with SLC25A20 expression

Fig. S2 Single-cell quality control and clustering diagnostics. (a) HVG selection plot.
(b) PCA elbow plot. (c) JackStraw plot. (d) Clustree plot across clustering resolutions.
(e) UMAP dimplot of preliminary clusters at resolution 0.2. (f) Marker gene dot plot
across preliminary clusters. (g) Stacked bar plot of cell type proportions by individual
sample

Fig. S3 Comparison of overall intercellular communication strength between
Normal and Tumor tissue, and additional characterization of the fibroblast
pseudotime trajectory. (a) Heatmap of pairwise interaction strength among cell types,

Normal vs. Tumor. (b) Bar chart of total interaction number and strength, Normal vs.
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Tumor. (c) UMAP plot of the Fibroblasts 0/Fibroblasts 1 subclusters. (d) UMAP plot
of the Fibroblast subset colored by tissue group (Normal vs. Tumor). (¢) Pseudotime
trajectory of the Fibroblast subset colored by inferred state (State 1-3). (f) Violin plots
of the top differentially active AUCell metabolism scores (retinol metabolism, ether
lipid metabolism, fatty acid degradation, oxidative phosphorylation) in Fibroblasts,
Normal vs. Tumor

Supplementary Table legends

Table S1. List of CRGs.

Table S2. Results of DEG analysis between HNSCC and normal tissues.

Table S3. Annotated results of DEG—CRG intersection candidate genes.

Table S4. GO and KEGG enrichment analysis results of candidate genes.

Table S5. Univariate Cox regression results of candidate prognostic genes.

Table S6. RiskScore and risk-group assignment of patients in the training and
validation cohorts.

Table S7. Significant terms from univariate Cox regression of RiskScore and
clinicopathological variables.

Table S8. Spearman correlation coefficients and P values among immune cell
proportions meeting the threshold |cor| > 0.3 and P < 0.05, as estimated by
CIBERSORT.

Table S9. Correlation results between prognostic gene expression and immune cell
proportions.

Table S10. GSEA results comparing HRG and LRG, and single-gene GSEA results
for prognostic genes, against KEGG legacy gene sets.

Table S11. Wilcoxon test results for predicted ICso between HRG and LRG.
Table S12. Representative Spearman correlation results between prognostic gene
expression and predicted drug ICso.

Table S13. Per-sample, per-cell-type summary of single-cell quality-control
metrics (cell number, median nFeature RNA, median nCount_RNA, median
mitochondrial percentage) before and after quality-control filtering, by tissue
group (Tumor/Normal) and sample.

Table S14. GO Biological Process enrichment results for tumor-versus-normal
differentially expressed genes in fibroblasts.

Abbreviations

Abbreviation Full term
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AIC
AMPK
AUC
BP
CAF
CAM
CC
CRG
DCA

DDRTree

DEG
FDR
GDSC
GEO
GO
GSEA
HNSCC
HPV
HRG
HVG
ICso

KEGG

KM
LRG

MF

Akaike Information Criterion
AMP-activated protein kinase

area under the curve

Biological Process

cancer-associated fibroblast

cell adhesion molecule

Cellular Component

carnitine-related gene

decision curve analysis

Discriminative Dimensionality
Reduction via Learning a Tree
differentially expressed gene

false discovery rate

Genomics of Drug Sensitivity in Cancer
Gene Expression Omnibus

Gene Ontology

gene set enrichment analysis

head and neck squamous cell carcinoma
human papillomavirus

high-risk group

highly variable gene

half-maximal inhibitory concentration
Kyoto Encyclopedia of Genes and
Genomes

Kaplan—Meier

low-risk group

Molecular Function
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MSigDB Molecular Signatures Database

NES normalized enrichment score

(0N} overall survival

OSCC oral squamous cell carcinoma

PCA principal component analysis

PH proportional hazards

PPI protein—protein interaction

ROC receiver operating characteristic

scRNA-seq single-cell RNA sequencing

TCGA The Cancer Genome Atlas

Tth follicular helper T cell

TMB tumor mutation burden

Treg regulatory T cell

UMAP Uniform Manifold Approximation and
Projection

UMI unique molecular identifier
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