
 
Advance in Biological Research, 2025, 6(1), 1-13 

https://www.hillpublisher.com/journals/abr/ 
ISSN Online: 2635-0319 

 

DOI: 10.26855/abr.2025.06.001 1 Advance in Biological Research 
 

Construction and Validation of a Prognostic Model 
for Immune and Metabolism-related Genes in 
Laryngeal Squamous Cell Carcinoma 

Zhenlian Xie1, Shiwei Gong3, Zhang Feng2,* 

1Department of Oncology, Pingnan County People’s Hospital, Guigang 537300, Guangxi, China. 
2Department of Otolaryngology Head and Neck Surgery, Pingnan County People’s Hospital, Guigang 537300, Guangxi, China. 
3Department of Oncology, Guilin Hospital, Xiangya Second Hospital, Central South University, Guilin 541001, Guangxi, China. 
 

How to cite this paper: Zhenlian Xie, Shiwei 
Gong, Zhang Feng. (2025). Construction and 
Validation of a Prognostic Model for Immune 
and Metabolism-related Genes in Laryngeal 
Squamous Cell Carcinoma. Advance in Bio-
logical Research, 6(1), 1-13. 
DOI: 10.26855/abr.2025.06.001 
 
Received: July 15, 2025 
Accepted: August 8, 2025 
Published: September 5, 2025 
 
Corresponding author: Zhang Feng, Depart-
ment of Otolaryngology Head and Neck Sur-
gery, Pingnan County People’s Hospital, Gui-
gang 537300, Guangxi, China. 
 
 

  Abstract 
Background: Laryngeal squamous cell carcinoma (LSCC) is an aggressive malignant 
tumor, characterized by high incidence and mortality. Metabolic reprogramming is an 
emerging hallmark of cancer that affects the tumor microenvironment (TME) by modu-
lating the biological behavior of cancer and immune cells. Metabolism and immunity 
may jointly participate in the progression of LSCC to some extent. The purpose of this 
study is to explore the predictive value of immune and metabolic-related genes in laryn-
geal cancer and their complex interactions with the TME. Methods: Gene expression 
data, mutation data, and clinical information of LSCC were acquired from The Cancer 
Genome Atlas (TCGA) and Gene Expression Omnibus (GEO). Subsequently, differen-
tially expressed genes (DEGs) related to immunity and metabolism were identified, and 
functional enrichment analysis was conducted to explore their underlying mechanisms. 
We utilized Cox and LASSO regression analyses to develop a risk signature for immune 
and metabolism-related genes (IMRGs), which was then validated in TCGA and GEO 
cohorts. The association of the risk score with clinical characteristics, somatic mutations, 
microenvironmental features, and drug sensitivity was further investigated through cor-
relation analyses. Results: A prognostic model composed of three genes (ARG2, 
PLCG1, TKFC) was constructed, with the high-risk score subgroup exhibiting poorer 
prognosis. The analysis of the ROC curve indicated that the prognostic model possesses 
strong predictive power (AUC = 0.655). Additionally, the risk score is an independent 
prognostic factor, and it is closely related to somatic mutations, immune microenviron-
ment, and drug sensitivity. Conclusions: A prognostic model associated with immune 
and metabolism was established for LSCC based on three key genes. This model is pro-
ficient in accurately predicting outcomes for individuals suffering from LSCC. Further-
more, this prognostic model has demonstrated significant potential in uncovering immu-
nological characteristics, evaluating the efficacy of immunotherapies, identifying so-
matic mutations, and predicting drug sensitivities. 
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1. Introduction 
Laryngeal squamous cell carcinoma (LSCC) is the second most common type of malignant tumor in the head and neck 
region, with high recurrence and mortality rates [1, 2]. Because the early clinical symptoms are not obvious, many patients 
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already present metastasis at the time of diagnosis [3, 4]. The current treatment options for LSCC include surgical resection, 
chemotherapy, radiotherapy, and immunotherapy, etc. [5]. Despite certain advancements in these treatment methods, due 
to delayed diagnosis, the overall 5-year survival rate of patients remains low, particularly for those with advanced or 
metastatic disease [4, 6]. Therefore, the search for new biomarkers is crucial for improving the prognosis of LSCC. These 
biomarkers not only aid in early diagnosis but also predict disease progression and guide treatment choices. 

Energy metabolism reprogramming is a key area in cancer research, involving cells adjusting metabolic pathways to 
meet the energy demands of rapid growth and proliferation, and has long been considered an emerging hallmark of cancer 
[7]. Studies have shown that the aberrant metabolites or intermediates of cancer metabolism may play a significant role in 
regulating the proliferation, differentiation, activation, and function of immune cells [8, 9]. The composition and density 
of immune cells in the tumor microenvironment (TME) profoundly affect the progression of tumors and the success of 
cancer treatments [10]. A recent study has developed a novel metabolism-related signature to predict the prognosis of 
LSCC [11]. Another study constructed an immune-related gene signature to predict the risk of recurrence for LSCC pa-
tients [12]. These studies indicate that metabolism and immunity both play significant roles in the development of LSCC 
and may, to some extent, jointly participate in the progression of LSCC. However, there are currently no predictive models 
that consider the combination of metabolic and immune genes. Therefore, exploring the joint effects of metabolic and 
immune genes, as well as how they collectively influence the development and treatment response of LSCC, is a direction 
worth further investigation. This could provide important scientific evidence for the development of new therapeutic strat-
egies and prognostic assessment tools. 

In this study, we aimed to establish a prognostic signature for LSCC by combining immune-related genes (IRGs) and 
metabolism-related genes (MRGs). After confirming its prognostic implication, we further explored the significance of 
this prognostic model in relation to immunological characteristics, the efficacy of immunotherapy, somatic mutation, and 
drug sensitivity. In conclusion, this model enriches the theoretical framework for LSCC treatment and contributes to more 
precise antitumor therapy. 

2. Methods 
2.1 Data Acquisition and Processing 
By accessing The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/), we extracted RNA sequencing 
and clinical data, as well as mutation data, from 116 LSCC and 12 normal tissue samples. We downloaded the expression 
matrix and clinical information of GSE25727 [13] from the Gene Expression Omnibus (GEO) database 
(https://www.ncbi.nlm.nih.gov/geo/). We downloaded 1973 IRGs from the ImmPort Resources database (https://www.im-
mport.org/) (Supplementary Table 1). We also obtained 944 MRGs by searching relevant literature [14] (Supplementary 
Table 2). Subsequently, using the “limma” package in R software (version 4.4.1), we performed differential expression 
analysis on the TCGA-LSCC cohort. After identifying the differentially expressed genes (DEGs), we intersected these 
DEGs with MRGs and IRGs to obtain the DEGs related to both immunity and metabolism. We further analyzed the cor-
relation among these genes. Additionally, we explored the potential molecular mechanisms underlying the disease through 
Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) enrichment analyses. 

2.2 Construction and Validation of the Prognostic Model 
First, we used univariate Cox analysis to identify potential genes associated with patient prognosis. Next, we further filtered 
these candidate genes using the Lasso-Cox regression method to reduce the issue of multicollinearity in the model. Finally, 
we used multivariate Cox analysis to obtain the optimal risk score model. The risk score was calculated based on the 
following formula: Risk Score = ∑ (gene expression level × corresponding coefficient) [15]. In all cohorts, samples were 
divided into low-risk and high-risk groups based on the median value of the risk score. To assess the accuracy of the 
grouping, we performed principal component analysis on the risk genes. Kaplan-Meier analysis was used to compare the 
overall survival between the two risk subgroups. The “Survival” package was employed to draw receiver operating char-
acteristic (ROC) curves to validate the accuracy of the model’s predictions. The predictive model was externally validated 
using the GEO dataset GSE25727 to test its stability. 

2.3 Independent Prognostic Analysis and Nomogram Construction 
We combined clinical and pathological information and used univariate and multivariate Cox regression analyses to de-
termine whether the predictive effect of the prognostic signature was independent of clinical variables. Subsequently, we 
used the “rms” R package to construct a nomogram to predict the 1-, 3-, and 5-year survival rates for patients in the TCGA-
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LSCC cohort. Additionally, we performed stratified analyses of clinical features to evaluate the prognostic value of the 
prognostic model in different subgroups stratified by clinical characteristics. 

2.4 Immune Analysis 
In the TCGA cohort, we used the “maftools” package to calculate the gene mutation profiles of patients in the high-risk 
and low-risk groups. To understand the immune cell infiltration in LSCC tumors, we employed several currently recog-
nized immune infiltration scoring methods, including XCELL, TIMER, QUANTISEQ, MCPCOUNT, EPIC, 
CIBERSORT, and CIBERSORT-ABS. Spearman correlation analysis was used to examine the correlation between im-
mune cells and risk scores. Single-sample gene set enrichment analysis (ssGSEA) was employed to quantify the relative 
infiltration levels of 28 immune cell subtypes in the TME. The ESTIMATE algorithm was used to assess the immune score 
and stromal score. We used the Tumor Immune Dysfunction and Exclusion (TIDE) database (http://tide.dfci.harvard.edu/) 
to calculate the TIDE scores for each TCGA-LSCC sample and compared the differences in TIDE scores between the two 
groups. Additionally, we compared the levels of immune checkpoint genes between the two risk groups. 

2.5 Drug Sensitivity Analysis 
Half-maximal inhibitory concentration (IC50) values for frequently used chemotherapeutic agents were calculated using 
the “pRRophetic” R package [16]. Drug sensitivities were compared between the risk groups, and statistical significance 
was assessed using the Wilcoxon test. 

3. Results 
3.1 Identification and Analysis of Immune and Metabolism-related Differentially Expressed Genes in LSCC 
A total of 6990 DEGs were identified with FDR <0.05 as the screening criteria (Figure 1A). By intersecting the DEGs 
from LSCC with IRGs and MRGs, we obtained a total of 12 immune and metabolism-related genes (IMRGs) (Figure 1B). 
The correlation analysis of these 12 genes is shown in Figure 1C, with salmon color indicating positive correlation and ice 
blue indicating negative correlation. Functional enrichment analysis revealed that GO terms were primarily enriched in 
processes such as glycerophospholipid metabolism, epithelial cell migration, cell projection membrane, cell leading edge, 
phospholipase activity, and lipase activity (Figure 1D). KEGG analysis showed significant enrichment in pathways such 
as the vascular endothelial growth factor (VEGF) signaling pathway, FcεRI signaling pathway, and inositol phosphate 
metabolism (Figure 1E). These pathways are all related to immunity and metabolism. 

 
Figure 1. Prognostic Gene Screening and Enrichment Analysis. (A) Heatmap of DEGs in TCGA-LSCC. (B) Venn diagram showing 
the intersection of DEGs with IRGs and MRGs. (C) Heatmap depicting the correlation of differentially expressed IMRGs. (D) GO 

enrichment analysis. (E) KEGG pathway enrichment analysis. (F) Univariate Cox regression analysis. (G-H) LASSO regression 
analysis. (I) Multivariate Cox regression analysis. 
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3.2 Construction and Validation of the Prognostic Model 
Subsequently, we performed univariate Cox analysis on the 12-IMRGs (p<0.05, Figure 1F), followed by LASSO regres-
sion analysis (Figure 1G, H) and multivariate Cox analysis (Figure 1I). Ultimately, we identified three prognostic immune 
and metabolism-related genes (ARG2, PLCG1, TKFC), with PLCG1 being lowly expressed in LSCC, while ARG2 and 
TKFC were highly expressed. Based on these three genes, we constructed a prognostic scoring model to assess risk: Risk 
Score = (0.0926×expression level of ARG2) + (-0.1382×expression level of PLCG1) + (0.1448×expression level of TKFC). 
Then, according to the median value of the risk score, LSCC patients were divided into high-risk and low-risk groups. 
Heatmap analysis showed significant differences in the expression of the three genes between the high-and low-risk groups 
(Figure 2A). Principal component analysis (PCA) confirmed that samples with different risk scores were separated into 
two groups (Figure 2B). In the risk score distribution and survival status plot (Figure 2C), more death events were observed 
in the high-risk group, indicating that an increased risk score reflected an unfavorable prognosis for LSCC patients. Kaplan-
Meier curve analysis revealed a significant difference between the two predicted risk groups, with the low-risk group 
having better overall survival (OS) than the high-risk group (p<0.001; Figure 2D). The area under the ROC curve for the 
risk score was 0.655 (Figure 2E), suggesting good risk prediction performance of the model. Subsequent time-dependent 
ROC curves showed area under the curve (AUC) values of 0.647, 0.731, and 0.754 for 1-,3-, and 5-year predicted survival 
rates, respectively (Figure 2F), demonstrating the strong prognostic power of the signature. We also used the dataset 
GSE25727 as an external validation set to verify our results. Based on the median value of the aforementioned risk score, 
patients in the validation set were divided into high-risk and low-risk groups (Figure 2G,H). Consistent with the previous 
results, more recurrence events were observed in the high-risk group in the validation set (Figure 2I), and the disease-free 
survival rate was significantly higher in the low-risk group than in the high-risk group (p=0.023; Figure 2J). The area under 
the ROC curve was also 0.655 (Figure 2K), with AUC values of 0.583, 0.603, and 0.648 for predicting 1-, 3-, and 5-year 
recurrence rates, respectively (Figure 2L). These results indicated that the risk score was also applicable to LSCC recur-
rence patients. 

 
Figure 2. Validation of the prognostic model. (A, G) Heatmaps of expression differences between high-risk and low-risk groups of 
prognostic genes. (B, H) PCAnalysis. (C, I) Scatter plots showing the distribution of risk scores and survival status. (D, J) Kaplan-

Meier survival curves for high-risk and low-risk groups of patients. (E, K) ROC curves of the prognostic model. (F, L) Time-depend-
ent ROC curves of the prognostic model at 1, 3, and 5 years. (TCGA-LSCC cohort: A, B, C, D, E, F; GSE25727 cohort: G, H, I, J, K, 

L). 
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3.3 Independent Prognostic Analysis and Nomogram Construction 
We evaluated the independent predictive value of the prognostic model through univariate and multivariate Cox analyses. 
The results showed that the risk score was an independent predictor of poor OS in both analyses. The results of the uni-
variate Cox analysis were as follows: hazard ratio (HR) = 1.507, 95% confidence interval (CI): 1.226 - 1.853 (Figure 3A). 
The results of the multivariate Cox analysis were as follows: HR = 1.647, 95% CI: 1.188 - 2.283 (Figure 3B). To accurately 
predict the probability of patient survival, we constructed a nomogram that included the risk score and other clinical and 
pathological features (including gender, age, and stage) and drew calibration curves (Figure 3C, D) to evaluate survival at 
1, 3, and 5 years. The results showed that the OS of LSCC patients decreased over time, and the calibration curves con-
firmed the accuracy and specificity of the nomogram. Additionally, we further explored the correlation between the risk 
score and clinical features. The results showed that the risk score was closely related to clinical features (Figure 3E). 

 
Figure 3. Independent prognostic analysis and nomogram construction, mutation analysis. (A) Univariate Cox analysis of risk scores 
and clinical features. (B) Multivariate analysis for independent prognostic factors. (C) Prognostic nomogram. (D) Calibration curve 
of the nomogram. (E) Heatmap of risk scores and clinicopathological features. (F) Waterfall plot of mutation frequency differences 
between high-risk and low-risk groups. (G) Waterfall plot of mutation frequency in the high-risk group. (H) Waterfall plot of muta-

tion frequency in the low-risk group. (***p < 0.001). 

3.4 Immune Analysis 
The results of the mutation analysis showed that there were differences in tumor gene mutations between the two risk 
groups, with a higher mutation rate in the high-risk group (Figure 3F-H). Tumor immune cell infiltration is widely recog-
nized as one of the important immune characteristics of the TME. Through Spearman correlation analysis using multiple 
algorithms, we sought to find the correlation between risk scores and immune cell abundance in the LSCC TME. Among 
them, CD8+ T cells were negatively correlated with risk scores in XCELL, TIMER, MCPCOUNT, and CIBERSORT-
ABS, and positively correlated in EPIC. M1 and M2 macrophages were negatively correlated with risk scores in XCELL, 
QUANTISEQ, and CIBERSORT-ABS (Figure 4A). To understand the distribution and correlation of the relative content 
of 22 types of tumor-infiltrating immune cells in LSCC, we applied the CIBERSORT algorithm to calculate the infiltration 
of immune cells in the samples. The results showed that naive B cells, plasma cells, naive CD4+ T cells, activated natural 
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killer (NK) cells, resting memory CD4+ T cells, activated memory CD4+ T cells, resting dendritic cells, γδ T cells, M0 
and M1 and M2 type macrophages had higher levels of immune infiltration in the low-risk group. In contrast, resting mast 
cells, activated mast cells, memory B cells, monocytes, CD8+ T cells, follicular helper T cells, regulatory T cells, activated 
dendritic cells, resting natural killer cells, neutrophils, and eosinophils had higher infiltration levels in the high-risk group. 
Among them, M1 macrophages, follicular helper T cells, and activated dendritic cells were statistically significant (Figure 
4B, C). Differences in immune cell infiltration may lead to changes in immune function. Therefore, we compared the 
ssGSEA scores of immune functions, and the majority of immune function scores in the low-risk group were significantly 
higher than those in the high-risk group (Figure 4D, E). At the same time, we further investigated the relationship between 
the risk model and the TME in the two groups of patients. Compared with patients in the high-risk group, patients in the 
low-risk group had higher ESTIMATE scores, immune scores, and stromal scores (Figure 4F), indicating that the immune 
system was more active and robust in patients with lower risk scores. Meanwhile, we used TIDE to score all samples. After 
comparing the TIDE scores of the high- and low-risk groups, we found that patients in the low-risk group had higher scores, 
which may mean that they have a stronger ability in immune evasion and may have a poorer response to immunotherapy 
(Figure 4G, P=0.0027). These results indicate that the IMRGs risk score model can classify different immune subtypes, 
thereby affecting the response to immunotherapy. In addition, given that immune checkpoints and their ligands are poten-
tial therapeutic targets, we examined their relationship with immune checkpoint inhibitors (ICIs). The results showed sig-
nificant differences in immune checkpoints between the high- and low-risk groups, and the vast majority of immune check-
point genes (including CTLA4, PDCD1LG2, LAG3, TIGIT, etc.) were upregulated in the low-risk group (p < 0.05, Figure 
4H). This suggests that the risk score grouping related to immune and metabolism may be used as a potential biomarker 
for immune checkpoint blockade therapy. 

 
Figure 4. Immune cell infiltration analysis. (A) Multiple algorithms showing the correlation analysis between risk scores and immune 

cell infiltration. (B) The differences of immune cells infiltration between two risk groups in boxplots. (C) The correlations between 
immune cells infiltration and risk scores. (D, E) Box plot of the expression levels of 23 immune cell types 13 immune functions be-
tween two risk groups by ssGSEA. (F) TME score plot for the two risk groups. (G) Difference plot of TIDE scores between the two 

risk groups. (H) Expression levels of immune checkpoints between the two risk groups. (*p < 0.05; **p < 0.01; *p < 0.001). 
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3.5 Drug Sensitivity Analysis 
By calculating the IC50 for each LSCC patient in the two groups, we identified 6 drugs with significant differences: 
GW.441756 (a tropomyosin-related kinase A inhibitor), PF.4708671 (an S6K1 inhibitor), AMG.706 (motesanib), 
GDC0941 (a PI3K inhibitor), PF.02341066 (crizotinib), and NU.7441 (a DNA-PK inhibitor) (p < 0.001, Figure 5A-F). 
Among them, the high-risk group had lower IC50 values for the tropomyosin-related kinase A inhibitor and the S6K1 
inhibitor, suggesting that patients in the high-risk group may benefit from these drugs. In contrast, the IC50 values for 
motesanib, the PI3K inhibitor, crizotinib, and the DNA-PK inhibitor were higher in the high-risk group, indicating that 
patients in this group may not benefit from these drugs. 

 
Figure 5. Drug sensitivity analysis. (A) Tropomyosin-related kinase A inhibitor (GW.441756). (B) S6K1 inhibitor (PF.4708671). (C) 

Motesanib (AMG.706). (D) PI3K inhibitor (GDC0941). (E) Crizotinib (PF.02341066). (F) DNA-PK inhibitor (NU.7441). 

4. Discussion 
Previous studies have indicated that metabolic reprogramming plays a role in cancer development and that metabolism-
related genes can serve as prognostic markers [11, 17]. Immune cells undergo metabolic reprogramming during prolifera-
tion, differentiation, and the execution of effector functions, which is crucial for immune responses [7]. During cancer 
progression, tumor cells and tumor-infiltrating lymphocytes, including CD8+ T cells, regulatory T cells, and natural killer 
cells, rewire their metabolic programs in response to microenvironmental stressors such as nutrient deprivation and hy-
poxia. Tumor cells alter their nutrient and metabolic pathways to meet their energetic, biosynthetic, and antioxidant de-
mands. Similarly, metabolic processes in immune cells support the host’s immune response to cancer [18]. 

In this study, we identified 12 DEGs related to both immunity and metabolism through screening. GO enrichment anal-
ysis indicated that these DEGs were primarily enriched in processes such as glycerophospholipid metabolism, cell projec-
tion membrane, and phospholipase activity. Glycerophospholipids are major components of cell membranes and provide 
important signaling molecules [19]. Tumor cells exhibit metabolic changes associated with malignancy, including the 
development of a lipogenic phenotype. Highly proliferative cancer cells require the de novo synthesis of fatty acids to 
continuously supply glycerophospholipids, especially for membrane biogenesis [20]. Glycerophospholipid metabolism has 
been shown to regulate various functions, such as adhesion, migration, apoptosis, and signal transduction, thereby affecting 
tumor progression [21]. This is consistent with our findings. KEGG analysis revealed that the DEGs related to both 
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immunity and metabolism were primarily enriched in the VEGF signaling pathway. Previous studies have confirmed that 
VEGF plays a crucial role in normal embryonic angiogenesis as well as in the pathological angiogenesis of many diseases, 
including cancer [22]. VEGF is an important cytokine in the TME, with cancer cells and tumor-associated macrophages 
being the main sources of VEGF [23, 24]. Activation of the VEGF signaling pathway not only promotes tumor angiogen-
esis but is also associated with the aggressiveness and metastatic potential of tumors. During tumor progression, VEGF 
binds to its receptors to activate downstream signaling pathways, thereby promoting the proliferation, migration, and sur-
vival of vascular endothelial cells, processes that are crucial for tumor angiogenesis [22, 25]. VEGF can directly affect a 
variety of immune-related cells, including dendritic cells, T cells, regulatory T cells, and myeloid-derived suppressor cells 
[26]. In addition, VEGF can influence the expression of immunologically important molecules by endothelial cells, reduc-
ing the expression of vascular cell adhesion molecule 1, which is vital for the adhesion and infiltration of anti-cancer T 
cells into the tumor. VEGF inhibition has been shown to increase the number of tumor-infiltrating lymphocytes in animal 
models and humans, thereby affecting tumor progression [27-29]. In cancer therapy, blocking the VEGF signaling pathway 
has become a promising treatment strategy. A recent study demonstrated that the combination of PD-1 antibody, HDAC 
inhibitor, and VEGF antibody showed potential efficacy in patients with metastatic colorectal cancer. This combination 
therapy enhanced CD8+T cell infiltration, leading to a more immunologically active TME [30]. In the context of LSCC, 
VEGF-C, due to its non-invasiveness and rapid accessibility, may be used as an indicator for the diagnosis and monitoring 
of LSCC [31]. High expression of angiogenic biomarkers is associated with reduced survival and increased recurrence 
rates; thus, angiogenic biomarkers may help identify high-risk patients, especially in early-stage LSCC [32]. Another study 
showed that downregulation of miR-206 promotes the proliferation and invasion of laryngeal cancer by regulating VEGF 
expression [33]. These results all support the reliability of our study. 

Subsequently, through stepwise regression analysis, we identified three genes (ARG2, PLCG1, TKFC) to construct our 
prognostic model, which demonstrated good predictive capability. In our study, we found that the aforementioned three 
immune and metabolism-related genes were associated with tumor prognosis, consistent with previous research findings. 
ARG2, also known as arginase 2, is an enzyme that functions in the TME and is abnormally upregulated in various types 
of cancer. It affects the function of immune cells by regulating arginine metabolism and plays a key role in the regulation 
of tumor growth and metastasis [34]. High transcriptional levels of ARG2 are associated with low levels of cytotoxic T 
cells and T cells, which may impact tumor immune surveillance and the effectiveness of immunotherapy [35]. Increased 
activity of ARG2 in tumors is commonly associated with more advanced disease and poorer clinical outcomes, including 
head and neck squamous cell carcinoma, breast cancer, liver cancer, and gastric cancer [36-40]. Additionally, experiments 
in mice have demonstrated that activating pro-inflammatory ARG2-specific CD4 T cells that react to ARG2-derived pep-
tides can inhibit tumor growth [41]. These findings suggest that ARG2 may have similar prognostic value in LSCC, with 
its expression levels potentially related to the aggressiveness and metastatic potential of the tumor. PLCG1 (phospholipase 
C γ 1) regulates extracellular signal-regulated kinase, mitogen-activated protein kinase, and nuclear factor of activated T 
cells signaling pathways, playing a key role in maintaining immune homeostasis [42]. In previously constructed LSCC 
immune-related prognostic models, low expression levels of PLCG1 may affect prognosis through immune-related path-
ways [43]. Moreover, PLCG1 expression can serve as a prognostic biomarker for patients with advanced oral squamous 
cell carcinoma [44] and myelodysplastic syndromes [45], with reduced PLCG1 expression associated with lower survival 
rates. This is consistent with our findings of low PLCG1 expression. TKFC, a bifunctional enzyme involved in fructose 
metabolism, can regulate the antiviral immune response by interacting with IFIH1 (MDA5) [46]. Studies have shown that 
circSOBP inhibits the progression of glioma by binding to the TKFC protein to suppress glycolysis and activate MDA5-
mediated immune responses [47]. Additionally, comprehensive computational modeling has revealed a correlation be-
tween TKFC and the prognosis of hepatocellular carcinoma [48]. These results further support the reliability of our study. 

To sum up, the development and validation of this prognostic model, which integrates immune and metabolic factors, 
has significantly enhanced our comprehension of the therapeutic landscape for LSCC. It also furnishes robust scientific 
backing for the implementation of more targeted anti-tumor therapeutic approaches. By employing this multifaceted ana-
lytical methodology, we are better equipped to unravel the intricacies of LSCC and to devise treatment plans that are more 
tailored to individual patients. 

Admittedly, there are some limitations in this study. For example, the model we developed was based on and validated 
against data from public databases. As such, additional clinical data will be essential for further corroborating our findings 
in the future. Moreover, the validity of our research outcomes needs to be substantiated through both in vivo and in vitro 
molecular studies. 
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Appendix (Supplementary Information) 
Supplementary Table 1: 1973 immune-related genes.    
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Supplementary Table 2: 944 metabolism-related genes. 

 


