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Abstract

Background/Objectives: Lipid metabolism plays a critical role in tumor progression and
immunotherapy efficacy in oral squamous cell carcinoma (OSCC). However, clinically
applicable lipid metabolism-based models for predicting prognosis and immunotherapy
response remain limited. This study aimed to develop and validate such a model in OSCC.
Methods: Using transcriptomic data of OSCC from the TCGA database and a set of lipid
metabolism-related genes (LMRGs), we constructed an LMRG-based risk score model via
LASSO regression to predict patient survival. This model was subsequently validated using
the independent GEO dataset GSE41613. Results: Patients in the high-risk group exhibited
significantly poorer overall survival than those in the low-risk group (training cohort:
p < 0.0001; validation cohort: p = 0.0086). We also developed a nomogram incorporating the
risk score and clinical characteristics, and the risk score was identified as an independent
prognostic factor for OSCC patients. Furthermore, the risk score was significantly associated
with the tumor immune microenvironment; samples with a lower risk score showed
elevated CD8+ T cell infiltration and a better response to immunotherapy. Additionally,
the high-risk group exhibited an increased tumor mutation burden and resistance to
most chemotherapeutic agents. Notably, several drugs (e.g., obatoclax mesylate) showed
significant efficacy in the high-risk group, representing promising therapeutic candidates.
Conclusions: This study reveals that the LMRG signature could serve as a valuable tool for
prognosis assessment, risk stratification, and therapy guidance in OSCC.

Keywords: oral squamous cell carcinoma; lipid metabolism; prognostic model; risk score;
immunotherapy response; drug sensitivity

1. Introduction
Oral squamous cell carcinoma (OSCC) constitutes the vast majority of oral cancers,

representing over 90% of diagnosed cases [1,2]. Although surgical techniques, radiother-
apy, and chemotherapy have advanced over the past decades, the prognosis of OSCC
patients has not substantially improved [3–6]. Local recurrence, lymph node metastasis,
and resistance to treatment remain common, all of which contribute to unfavorable sur-
vival outcomes [6]. In this context, reliable molecular markers that enable accurate risk
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stratification are urgently needed to predict prognosis and guide treatment selection in
OSCC [7,8].

Metabolic alterations serve as a cancer hallmark, enabling tumor cells to adapt to
unfavorable microenvironments and maintain accelerated proliferation [9–11]. Among
the metabolic alterations reported in tumors, dysregulated lipid metabolism has received
increasing attention [12,13]. Tumor cells actively enhance lipid generation, influx, and
remodeling to support membrane biogenesis, energy production, and signal transduc-
tion [14,15]. For example, activation of the PI3K/Akt/mTOR pathway promotes fatty
acid and cholesterol biosynthesis and thereby fuels tumor growth [15]. Dysregulation of
lipid metabolism is also linked to signaling pathways governing proliferation, metastasis,
autophagy, and ferroptosis [14,16]. These findings indicate that altered lipid metabolism
serves functions beyond canonical metabolic roles and can actively contribute to tu-
mor progression.

Lipid metabolism is also implicated in the tumor immune microenvironment (TIME).
Lipid metabolites can modulate the differentiation, activation, and function of tumor-
infiltrating immune cells [17]. Accumulating evidence indicates that dysregulated lipid
metabolic pathways promote the infiltration of immunosuppressive cells, including
myeloid-derived suppressor cells (MDSCs), thereby facilitating immune evasion [18,19].
For instance, aberrant fatty acid uptake, mediated by the translocase CD36, can perturb
immune signaling and attenuate anti-tumor immune responses [18,20,21]. Collectively,
these studies suggest that lipid metabolism can influence both intrinsic tumor cell growth
and TIME remodeling, with implications for immunotherapy response.

Although the link between lipid metabolism and cancer has been increasingly recog-
nized, its prognostic value and immune relevance in OSCC remain poorly understood [20].
Existing studies have largely focused on individual genes or specific pathways, whereas
systematic analyses of lipid metabolism-related gene signatures in OSCC are still lack-
ing [20,22]. Therefore, constructing a prognostic model based on lipid metabolism-related
genes (LMRGs) may provide a more comprehensive understanding of OSCC progression
as well as improve risk stratification.

In this study, we identified OSCC-associated LMRG and constructed an LMRG-based
risk score model using publicly available transcriptomic data. We then assessed and
validated the model’s prognostic performance, and analyzed its associations with TIME
and therapeutic response. Our findings could help clarify the role of lipid metabolism in
OSCC and provide a foundation for prognostic evaluation and individualized treatment
(Figure 1).
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Figure 1. Study workflow for developing an LMRG signature in OSCC. TCGA–OSCC samples were
clustered by lipid metabolism gene expression and survival. Intersection of differentially expressed
genes across subtypes yielded LMRG, which were used to build a Cox–LASSO prognostic model.
High- and low-risk subgroups were compared for prognosis, immunotherapy response, mutation pro-
files, and drug sensitivity. These results are integrated to guide personalized treatment decisions: high-
risk patients may benefit from specific chemotherapeutic agents (e.g., Epothilone B and MLN4924),
while low-risk patients may respond to immunotherapy and alternative chemotherapeutics (e.g.,
ZSTK474 and TL-2-105). The illustration was created with BioRender (https://www.biorender.com/,
accessed on 23 April 2026). **** p < 0.0001.
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2. Materials and Methods
2.1. Data Collection and Preprocessing

RNA-sequencing data and corresponding clinicopathological information for 290 pa-
tients with OSCC were retrieved from The Cancer Genome Atlas (TCGA) database
(https://portal.gdc.cancer.gov/, accessed on 20 February 2026) as the discovery cohort.
Patient selection was restricted to those with primary tumors located at oral-related sites,
including base of tongue, floor of mouth, hard palate, lip, oral cavity, and oral tongue
(Table S1). Of these 290 patients, two lacked survival data and were excluded from subse-
quent survival analyses, resulting in a final cohort of 288 patients. For external validation,
the GSE41613 dataset, comprising 92 OSCC samples, was obtained from the Gene Expres-
sion Omnibus (GEO) database. A comprehensive list of 776 lipid metabolism genes was
curated from the Molecular Signatures Database (MSigDB) v7.0 (Table S2).

2.2. Subtyping of OSCC Based on Lipid Metabolism Gene Expression

To identify distinct lipid metabolism patterns in OSCC, univariate Cox regression
analysis was first applied to screen for lipid metabolism genes significantly associated with
overall survival (OS). Subsequently, unsupervised consensus clustering was conducted us-
ing the “ConsensusClusterPlus” R package based on these OS-associated lipid metabolism
genes. The optimal cluster number was determined according to several established criteria
where the cumulative distribution function (CDF) curve ascended gradually and smoothly
until reaching a plateau.

2.3. Construction and Validation of an LMRG-Based Risk Model

Differentially expressed genes (DEGs) between the identified clusters were extracted
via the “edgeR” R package, with filtering criteria of |log2FC| > 1 and adjusted p < 0.05.
Concurrently, DEGs between OSCC and normal tissues were identified following the same
criteria. The intersection of cluster-specific DEGs and OSCC-associated DEGs was defined
as the final LMRG set. Least absolute shrinkage and selection operator (LASSO) regression
analysis was then applied to minimize overfitting and select candidate genes from the
LMRG set for the risk model. Patient-specific risk scores were computed according to the
following equation:

Risk score = ∑(Expressioni × Coe f f icienti)

Patients were stratified into high-risk and low-risk groups according to the median risk
score. Prognostic differences between the high-risk and low-risk groups were assessed by
Kaplan–Meier survival analysis and ROC curve analysis. The model robustness was further
validated in the independent GEO cohort GSE41613 by evaluating survival outcomes and
ROC performance.

2.4. Assessment of Clinicopathological Association and Prognostic Value of the Risk Score

Correlation of the risk score with clinicopathological features (e.g., survival status, T
stage, grade) was analyzed using the Wilcoxon rank-sum test. The prognostic value of the
risk score was further assessed using univariate and multivariate Cox regression analyses.
Furthermore, a prognostic nomogram integrating the risk score and clinical parameters was
constructed using the “rms” R package to predict 1-, 3-, and 5-year survival probabilities.

2.5. Characterization of the Tumor Immune Microenvironment Across Risk Groups

To characterize the immune landscape of OSCC, estimate scores (encompassing im-
mune scores and stromal scores) and tumor purity were calculated for each sample using
the ESTIMATE algorithm. The relative abundances of 22 tumor-infiltrating immune cell
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types were estimated via the CIBERSORT algorithm, and their associations with the LMRG
risk score were subsequently examined. In addition, tracking tumor immunophenotype
(TIP), immunophenoscore (IPS) and tumor immune dysfunction and exclusion (TIDE)
scores were calculated to predict the clinical efficacy of immunotherapy and to assess the
sensitivity of patients across risk groups to immune checkpoint inhibitors. The association
between the risk score and expression of immune-related molecules was evaluated.

2.6. Genomic Mutation Analysis

Somatic mutation data of OSCC patients were retrieved from the TCGA database. The
“maftools” R package was employed to visualize the tumor mutation burden (TMB) and
mutation landscape of OSCC. The correlation between TMB and the LMRG risk score was
analyzed. Waterfall plots were constructed to illustrate the mutation profiles in different
risk subgroups.

2.7. Drug Sensitivity Analysis

Commonly used chemotherapy drugs for OSCC were retrieved from the Genomics
of Drug Sensitivity in Cancer database (https://www.cancerrxgene.org, accessed on
20 February 2026). The log-transformed half-maximal inhibitory concentration (lnIC50)
values for each drug were estimated using the “pRRophetic” R package. Differences
in predicted drug sensitivity between different risk subgroups were evaluated, and the
correlation between lnIC50 values and the LMRG risk score was further analyzed.

2.8. Statistical Analyses

Statistical analyses were performed using R software (v4.2.2). Group differences were
assessed using Wilcoxon or t-tests. Correlations were analyzed via Spearman or Pearson
methods. Survival outcomes were compared using Kaplan–Meier analysis with log-rank
testing. Statistical significance was set at p < 0.05.

3. Results
3.1. Identification of Lipid Metabolism Subtypes in OSCC

Of the 776 lipid metabolism genes retrieved from MSigDB, 71 genes were significantly
associated with OSCC survival (p < 0.05, Table S2). Based on the expression patterns of
these 71 genes, OSCC samples were clustered using the ConsensusClusterPlus R package.
At k = 3, the CDF curve exhibited the smoothest profile, with the relative change in area
under the CDF curve reaching an inflection point (Figure 2A,B). The tracking plot in the
TCGA–OSCC cohort confirmed stable sample clustering at k = 3, and the consensus matrix
heatmap further verified the clear separation of three clusters (Figure 2C,D). Thus, k = 3 was
selected as the optimal clustering number. Kaplan–Meier survival analysis revealed distinct
prognostic outcomes among the three clusters, with Cluster 1 (C1) exhibiting significantly
better survival than Cluster 2 (C2) and Cluster 3 (C3) (Figure 2E).

3.2. Construction and Validation of the LMRG Risk Model

Given the pronounced differences between C1 and C2/C3 but relatively minor distinc-
tion between C2 and C3, we identified DEGs between C1 and C2 as well as DEGs between
C1 and C3 using the edgeR package. Intersection of these DEGs with those between OSCC
and normal tissues yielded 1248 genes (referred to as LMRG). Subsequently, univariate
Cox analysis of LMRG was performed in the TCGA–OSCC training set. A total of 19 genes
with p < 0.01 were retained and subjected to LASSO regression analysis (Figure 3A,B).
Finally, 16 core genes with corresponding coefficients were identified, namely ADPRHL1,
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ALX1, CHRNB4, CTLA4, GAST, GTSF1L, HOGA1, IL1A, LINC01281, PCDHA10, PCOLCE2,
POU6F2, SLC18A3, SLC5A12, VWCE, and ZNF662.

Figure 2. Identification of lipid metabolism subtypes in OSCC. (A) CDF curve, (B) CDF delta area
curve, and (C) tracking plot in TCGA–OSCC cohort. (D) Consensus matrix heatmap for k = 3.
(E) Kaplan–Meier curves for overall survival.

Based on the expression levels and coefficients of these 16 genes, a risk score for-
mula was constructed as follows: Risk score = exp(ADPRHL1)∗0.066141501 + exp(ALX1)
∗0.032014229 + exp(CHRNB4)∗0.082662123 + exp(CTLA4)∗(−0.025809079) +
exp(GAST)∗0.013243796 + exp(GTSF1L)∗(−1.345376114) + exp(HOGA1)∗0.163848745 +
exp(IL1A)∗0.002858387 + exp(LINC01281)∗(−0.164346458) + exp(PCDHA10)∗0.937537634 +
exp(PCOLCE2)∗0.009796966 + exp(POU6F2)∗0.209671909 + exp(SLC18A3)∗0.12457801 +
exp(SLC5A12)∗0.41987807 + exp(VWCE)∗(−1.16360206) + exp(ZNF662)∗(−0.627025493)

High- and low-risk groups were defined based on the median risk score. In the TCGA–
OSCC training cohort, Kaplan–Meier curves revealed that the low-risk group exhibited
significantly prolonged survival (Figure 3C). Consistent results were observed in the GEO
validation cohort (Figure 3D), indicating robust performance of this risk score model in
assessing OSCC prognosis. Time-dependent ROC curves at 1, 3, and 5 years yielded area
under the curve (AUC) values of 0.710, 0.717, and 0.758, respectively, in the training cohort,
indicating that the model has satisfactory prognostic accuracy for risk stratification in
OSCC patients (Figure 3C). In the validation cohort, AUCs were 0.645, 0.619, and 0.581,
respectively (Figure 3D).
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Figure 3. Construction and validation of the LMRG risk model. (A,B) LASSO regression analysis
with optimal lambda. (C) Kaplan–Meier curves for overall survival and time-dependent ROC curves
evaluating the prognostic value of the LMRG model in the TCGA training cohort. (D) Kaplan–Meier
curves for overall survival and time-dependent ROC curves evaluating the prognostic value of the
LMRG model in the GEO validation cohort. (E–G) Risk score distribution across survival status, T
classification, and clinical stage. * p < 0.05, ** p < 0.01, and **** p < 0.0001.

3.3. Characterizing the Clinical Relevance of the Prognostic Model

The risk score showed clear associations with the clinicopathological characteristics
of OSCC. Survivors had significantly lower risk scores than non-survivors (p < 0.0001,
Figure 3E). Patients in T3–T4 exhibited higher risk scores than those in T1–T2 (p < 0.01,
Figure 3F). Similarly, patients in advanced stage (III–IV) had significantly elevated risk
scores relative to those in the early stage (I–II) (p < 0.05, Figure 3G). In addition, univariate
and multivariate Cox regression analyses incorporating clinicopathological parameters
and the risk score demonstrated that the risk score served as an independent prognostic
factor for OSCC (p < 0.0001, Figure 4A,B). The nomogram incorporating the risk score and
clinicopathological parameters effectively predicted 1-, 3-, and 5-year survival probabilities,
with calibration curves demonstrating good agreement between predicted and observed
values (Figure 4C,D). Furthermore, nomogram risk points differed significantly between
the high- and low-risk groups (Figure 4E).
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Figure 4. Clinical relevance of the prediction model. (A,B) Univariate and multivariate Cox regression
analyses of clinicopathological variables and the risk score in the OSCC cohort. T, primary tumor
classification; M, metastasis classification; N, node classification; G, grading of cancer; HR, hazard
ratio. (C) Nomogram for predicting overall survival in OSCC patients. (D) Calibration curves for 1-,
3-, and 5-year predicted and observed survival. (E) Comparison of nomogram risk points between
the high- and low-risk groups. * p < 0.05, ** p < 0.01, *** p < 0.001, and **** p < 0.0001.

3.4. The Predictive Value of the LMRG Model for Immunotherapy Response

To investigate the role of risk score in the OSCC immune microenvironment, ESTI-
MATE analysis was performed. Our data indicated that high-risk patients exhibited lower
estimate scores, immune scores, and stromal scores but higher tumor purity (p < 0.0001,
Figure 5A,B). Concurrently, this high-risk cohort demonstrated a profound reduction in
the infiltration of follicular helper T cells and CD8+ T cells, whereas M0 macrophage in-
filtration was markedly elevated (Figure 5C). Lollipop plot analysis confirmed that the
risk score was inversely correlated with anti-tumor immune cell abundance (Figure 5D).
Furthermore, a widespread negative correlation was observed between the risk score and
the expression of most immune checkpoint transcripts (e.g., PD1 and CTLA4). Accordingly,
these inhibitory targets showed higher expression in the low-risk subgroup (Figure 5E),
suggesting enhanced susceptibility to immune checkpoint blockade in this subgroup.

https://doi.org/10.3390/metabo16070455
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Figure 5. Relationship between the risk score and immune microenvironment in OSCC. (A) Compari-
son of estimate scores, immune scores, and stromal scores between the high-risk and low-risk groups.
(B) Differences in tumor purity between the two risk groups. (C) Infiltration patterns of 22 types of
immune cells between the two risk groups. (D) Lollipop plots illustrating the correlation between
immune cell infiltration and risk scores. (E) Heatmap illustrating the correlation between immune
checkpoint-related molecules and risk scores. * p < 0.05, ** p < 0.01, *** p < 0.001, and **** p < 0.0001.

https://doi.org/10.3390/metabo16070455

https://doi.org/10.3390/metabo16070455


Metabolites 2026, 16, 455 10 of 17

To further quantify the functional discrepancy in anti-tumor immunity, we used TIP
analysis to calculate immunological activity scores (i.e., anti-tumor immune cycle scores).
The low-risk population exhibited significantly higher scores across most steps of the anti-
tumor immunological cycle compared to the high-risk group (Figure 6A). Consistently, IPS
tracking indicated that low-risk patients responded more favorably to anti-CTLA4 and/or
anti-PD1 therapy than high-risk patients (Figure 6B–E). Conversely, TIDE scores were
markedly lower in the low-risk subgroup (Figure 6F), suggesting enhanced immunotherapy
potential. This was corroborated by reduced dysfunction and exclusion scores within the
low-risk subgroup (Figure 6G,H). Ultimately, the predicted immunotherapy response rate
was substantially greater in the low-risk subgroup than in the high-risk subgroup (87.5%
vs. 72.9%, p < 0.0001, Figure 6I).

Figure 6. Response to immunotherapy stratified by risk score in OSCC. (A) Comparison of immune
activity scores between the high-risk and low-risk groups according to TIP analysis. (B–E) Compari-
son of IPS scores across four immunotherapy scenarios between the two risk groups. (F) Comparison
of TIDE scores between the two risk groups. (G,H) Comparison of immune exclusion and dysfunction
scores between the two risk groups. (I) Comparison of responsiveness to immune checkpoint therapy
between the two risk groups. * p < 0.05, ** p < 0.01, *** p < 0.001, and **** p < 0.0001.
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3.5. Mutation Status of Different Risk Groups

We further investigated the intrinsic association between TMB and the risk score. The
results revealed that TMB was positively correlated with the risk score in OSCC (r = 0.32,
p < 0.0001, Figure 7A), and that patients with high TMB exhibited significantly higher risk
scores than those with low TMB (Figure 7B). Furthermore, a combined effect of TMB and
the risk score on survival outcomes was observed in patients with OSCC; patients with both
high TMB and high risk exhibited worse survival (Figure 7C). Waterfall plots demonstrated
differential mutation patterns of the top 20 genes between the two risk groups in OSCC
(Figure 7D). Consistent with the TMB findings, patients in the high-risk group exhibited a
higher mutation frequency. Specifically, the mutation frequencies of TP53 (high-risk: 78.6%
vs. low-risk: 68.5%), TTN (37.1% vs. 28.6%), and FAT1 (29.3% vs. 17.1%) were significantly
higher in the high-risk group, whereas CDKN2A mutation frequency (20.0% vs. 24.3%)
was elevated in the low-risk group.

Figure 7. Association between the LMRG risk score and mutation status in OSCC. (A) Correlation
between TMB and the risk score. (B) Differences in the risk score between high-TMB and low-TMB
groups. (C) Kaplan–Meier survival curves for overall survival across four groups: high TMB + high
risk, high TMB + low risk, low TMB + high risk, and low TMB + low risk. (D) Waterfall plot of
somatic mutations in the high-risk and low-risk groups. Every column corresponds to a single patient.
TMB is displayed in the top bar plot. The left bar plot displays the mutation frequency for each gene,
with genes ranked by decreasing mutation percentage.

3.6. Drug Sensitivity Analysis Between Risk Groups

To explore whether the LMRG risk model could guide precision treatment for OSCC,
we assessed the predicted ln(IC50) values of multiple chemotherapy agents in different
risk subgroups. We identified 48 drugs whose ln(IC50) values were significantly correlated
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with the risk scores (Table S3). For the majority of these drugs, including ZSTK474, TL-2-
105, and THZ-2-49, the ln(IC50) values were significantly higher in the high-risk patients,
suggesting that the high-risk group exhibits resistance to these drugs (Figure 8A). Notably,
the ln(IC50) values for several drugs were significantly lower in the high-risk subgroup,
including PD-0332991, epothilone B, obatoclax mesylate, MLN4924, BMS-754807, and YK
4-279 (Figure 8B–G), highlighting potential therapeutic candidates for patients with higher
risk scores.

Figure 8. Prediction of drug sensitivity between risk groups. (A) Mountain plot delineating drug
response profiles between the two risk groups. The top 15 drugs ranked by p value are displayed.
(B–G) Predicted drug sensitivity to PD-0332991, Epothilone B, Obatoclax Mesylate, MLN4924, BMS-
754807, and YK 4-279 between the two risk groups. *** p < 0.001 and **** p < 0.0001.

4. Discussion
Lipid metabolism dysregulation is widely recognized to be associated with the ma-

lignant progression and clinical manifestations of OSCC, especially under the influence
of the unique tumor microenvironment and host dietary factors [23,24]. However, clini-
cal prognostic models for OSCC based on lipid metabolism remain scarce. In this study,
we developed a novel LMRG risk model for predicting clinical prognosis, immune mi-
croenvironment infiltration, immunotherapy efficacy, mutational characteristics, and drug
sensitivity in OSCC.

Clinically, OSCC presents significant heterogeneity, making patient prognosis difficult
to predict [25,26]. Conventional clinical classification (T, M, N, etc.) relies on microscopic
pathological assessment, which overcomes the limitations of macroscopic observation and
assists clinicians in evaluating tumor differentiation and grade [27]. However, precise
prognosis prediction and personalized treatment of OSCC remain challenging. Traditional
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clinicopathological parameters have inherent limitations, as histological information alone
fails to fully capture the heterogeneity of OSCC [26,28]. In recent years, advances in
sequencing technology have enabled genetic profiling to better reflect tumor heterogeneity
and stratify patients with distinct prognoses [29–31]. In this study, consensus clustering
analysis of lipid metabolism genes revealed that the C1 subgroup exhibited a superior
prognosis, demonstrating that lipid metabolism patterns can effectively distinguish patient
subpopulations. To further facilitate clinical application, we developed an LMRG-based risk
model, which calculates individual risk scores based on 16 core lipid metabolism-related
genes. Patients with higher risk scores showed markedly poorer survival outcomes, a
finding further validated in an independent GEO cohort. We also developed a nomogram
integrating the risk score, which may assist clinicians in survival probability estimation
and prognostic stratification.

Immunotherapy has recently emerged as a promising therapeutic strategy for pa-
tients with OSCC. However, not all patients derive clinical benefit, largely attributable
to the complex tumor microenvironment of OSCC [32–34]. Lipid metabolism has been
implicated in tumor immunity [35,36]. For example, polyunsaturated fatty acids enhance
the infiltration of MDSCs via activation of the JAK/STAT3 pathway, and lipid metabolic
reprogramming enhances the functional specificity of Treg cells in tumors [36,37]. Given
the substantial heterogeneity in immunotherapy responses among patients with OSCC, em-
pirical administration of immunotherapy without prior biomarker assessment may prove
ineffective and impose a considerable economic burden [34,38,39]. Therefore, identifying
immunotherapy-sensitive patients and delivering targeted interventions represent an ur-
gent clinical need [40]. In this study, the LMRG risk score was found to be closely associated
with the abundance of immune cells, such as Treg cells and macrophages, as well as the
expression of multiple immune molecules, revealing the pivotal role of lipid metabolism in
shaping the tumor immune landscape. More importantly, the LMRG model demonstrated
robust predictive value for immunotherapy response. Specifically, high LMRG scores
were consistently associated with an immunosuppressive microenvironment, as evidenced
by elevated TIDE scores, enhanced T cell dysfunction and exclusion, and decreased IPS,
suggesting that patients with high LMRG scores may exhibit resistance to immunotherapy.
At the genomic level, the high-risk group exhibited higher TMB and mutation frequencies,
particularly in genes such as TP53, TTN, and FAT1. Although elevated TMB has been
linked to improved immunotherapy responses in certain cancers [41], this trend was not
clearly observed in our cohort. A plausible explanation is that the immunosuppressive
tumor microenvironment in OSCC may counteract the immunogenic benefits typically
conferred by high TMB [42,43]. Additionally, high TMB was characterized by oncogene
activation and tumor suppressor loss, which may further drive tumor progression and
reinforce immunosuppression [43].

Drug sensitivity analysis revealed that the high-risk group was less responsive to
most chemotherapeutic and targeted agents, suggesting limited efficacy of conventional
treatment strategies in this population. Despite this overall resistance pattern, several
drugs, including PD-0332991, Epothilone B, Obatoclax mesylate, MLN4924, BMS-754807,
and YK 4-279, showed lower predicted IC50 values in the high-risk group, suggesting
potential therapeutic opportunities. Interestingly, some of these agents may be functionally
linked to lipid metabolic processes. For example, CDK4/6 inhibition by PD-0332991 has
been reported to influence metabolic regulators involved in lipid synthesis [44], while
Obatoclax mesylate and Epothilone B may enhance oxidative stress and lipid peroxidation,
processes closely associated with ferroptosis [45,46]. In addition, MLN4924 and YK 4-
279 can modulate signaling pathways (e.g., PI3K/AKT pathway) that participate in lipid
metabolic regulation [15,47–49]. Although not all of these drugs directly target lipid
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metabolism, these findings suggest that tumors with active lipid metabolic reprogramming
may exhibit selective sensitivity to specific agents. Collectively, the LMRG risk model may
not only reflect metabolic heterogeneity but also help identify potential vulnerabilities,
providing a basis for more tailored treatment strategies in high-risk OSCC patients.

Despite these promising findings, this study has several limitations. First, although the
model was validated using independent public datasets, further validation in larger clinical
cohorts is required to confirm its robustness and generalizability. Second, the biological
mechanisms underlying this lipid metabolism-related signature remain to be fully clarified.
In addition, the gene expression data were derived from different platforms (RNA-seq in
TCGA and microarray in GEO). Although external validation was performed, such technical
heterogeneity prevents direct harmonization of risk score thresholds between cohorts.
Future work should incorporate more comprehensive clinicopathological parameters and
include experimental investigations to better define the functional roles of genes within the
LMRG risk model.

5. Conclusions
In conclusion, lipid metabolism genes can effectively stratify OSCC patients into molec-

ular subgroups with distinct prognoses. Moreover, we constructed an LMRG-based risk
score model to predict prognosis for OSCC. The risk score was associated with TIME, muta-
tional profile, and drug sensitivity, offering a framework for personalized immunotherapy
and chemotherapy strategies.

Supplementary Materials: The following supporting information can be downloaded at https://www.
mdpi.com/article/10.3390/metabo16070455/s1. Table S1. Clinical characteristics of OSCC patients in
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