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Abstract: 

Background: Head and neck squamous cell carcinoma (HNSCC) is a highly heterogeneous malignancy 

characterized by extensive molecular dysregulation, including aberrant microRNA (miRNA) 

expression. Identification of clinically relevant miRNAs and their associated regulatory networks may 

improve understanding of oral squamous cell carcinoma (OSCC) biology and facilitate biomarker 

discovery. 

Objective: The present study aimed to identify novel dysregulated miRNAs associated with OSCC and 

to investigate their potential diagnostic relevance, predicted target interactions, and functional pathway 

associations through integrative transcriptomic and clinical validation analyses. 

Methods: Mature miRNA expression profiles from The Cancer Genome Atlas (TCGA)-HNSC cohort 

were retrieved through the UCSC Xena Browser and analyzed using DESeq2 following anatomical site-

based filtering to obtain HPV-negative OSCC samples. Differentially expressed miRNAs were 

identified using adjusted p-value <0.05 and |log2FoldChange| ≥0.5 thresholds. Based on differential 

expression patterns and limited prior characterization in OSCC, hsa-miR-1277, hsa-miR-301b, and hsa-

miR-519a-1 were selected for downstream analyses. Kaplan–Meier survival, receiver operating 

characteristic (ROC), integrative target prediction, Pearson correlation, STRING protein–protein 

interaction network, Gene Ontology (GO), and Kyoto Encyclopedia of Genes and Genomes (KEGG) 

enrichment analyses were subsequently performed. Independent validation was carried out using four 

Gene Expression Omnibus (GEO) cohorts and qRT-PCR analysis in Indian OSCC clinical specimens. 

Results: Differential expression analysis identified 1,330 significantly dysregulated miRNAs in OSCC, 

including 946 upregulated and 384 downregulated transcripts. ROC analysis demonstrated strong 

discriminatory performance for hsa-miR-301b (AUC = 0.868) and moderate performance for hsa-miR-

1277 (AUC = 0.735), whereas hsa-miR-519a-1 exhibited comparatively limited diagnostic utility. 

Integrative target prediction identified five high-confidence targets each for hsa-miR-1277 and hsa-

miR-301b, while hsa-miR-519a-1 demonstrated a broader overlap profile comprising 24 candidate 

genes. Functional enrichment analyses demonstrated enrichment of neuronal signaling, synaptic 

regulation, ion channel activity, neuroactive ligand–receptor interaction, and cadherin-associated 

pathways among candidate target genes. Validation across independent GEO cohorts and clinical 

specimens demonstrated heterogeneous expression patterns with partial concordance to TCGA-derived 

observations.  

Conclusion: This integrative multi-cohort analysis identifies hsa-miR-1277, hsa-miR-301b, and hsa-

miR-519a-1 as novel miRNA candidates associated with OSCC-related molecular dysregulation. The 

findings further highlight the substantial biological heterogeneity underlying HNSCC and emphasize 

the challenges associated with translating large-scale transcriptomic signatures into reproducible 

clinical biomarkers. 
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Introduction: 

Head and neck squamous cell carcinoma (HNSCC) is one of the most prevalent and 

biologically aggressive malignancies worldwide, accounting for substantial cancer-associated 

morbidity and mortality. Despite considerable advances in surgical techniques, radiotherapy, 

chemotherapy, and targeted therapeutic strategies, the clinical outcome of HNSCC patients 

remains unsatisfactory, particularly in advanced-stage disease [1, 2]. High rates of locoregional 

recurrence, distant metastasis, therapeutic resistance, and disease relapse continue to pose 

significant clinical challenges. The aggressive behavior of HNSCC is driven by extensive 

molecular heterogeneity involving complex genetic, epigenetic, and transcriptional alterations 

that collectively contribute to tumor initiation, progression, and therapeutic failure [1, 2]. 

Among the diverse classes of regulatory molecules implicated in cancer biology, microRNAs 

(miRNAs) have emerged as critical post-transcriptional modulators of gene expression. 

miRNAs are small endogenous non-coding RNAs, approximately 18–24 nucleotides in length, 

that regulate target gene expression through mRNA degradation or translational repression [3, 

4]. Increasing evidence has demonstrated that miRNAs participate in the regulation of multiple 

cellular processes, including proliferation, apoptosis, differentiation, epithelial–mesenchymal 

transition (EMT), angiogenesis, invasion, metastasis, and stemness. Dysregulation of miRNA 

expression has been widely associated with carcinogenesis and tumor progression across 

multiple human cancers, including HNSCC, where miRNAs may function either as oncogenic 

miRNAs or tumor suppressors depending upon their target networks and cellular context. 

Recent advances in high-throughput sequencing technologies and large-scale cancer genomics 

initiatives have substantially improved our understanding of miRNA-mediated regulatory 

mechanisms in HNSCC. Numerous studies have identified aberrantly expressed miRNAs 

associated with tumor progression, metastasis, recurrence, and patient survival, highlighting 

their potential utility as diagnostic, prognostic, and therapeutic biomarkers [5-7]. However, 



despite extensive investigation, the reproducibility and clinical translation of miRNA 

signatures in HNSCC remain limited. Considerable discrepancies frequently exist among 

independent studies owing to variations in patient cohorts, tumor subsites, ethnic background, 

sequencing platforms, analytical methodologies, and intrinsic tumor heterogeneity. Moreover, 

several differentially expressed miRNAs identified through transcriptomic profiling remain 

poorly characterized, particularly those with limited functional and clinical evidence in 

HNSCC [8]. 

Publicly available transcriptomic repositories such as the The Cancer Genome Atlas and Gene 

Expression Omnibus provide valuable resources for systematic identification of novel 

molecular biomarkers in cancer. Integrative bioinformatics approaches combining differential 

expression profiling, survival analysis, diagnostic evaluation, target prediction, functional 

enrichment analysis, and protein–protein interaction network analysis have emerged as 

powerful strategies for elucidating biologically relevant miRNA-associated regulatory 

networks. Furthermore, validation of computational findings in independent datasets and 

clinical cohorts is essential to establish biological consistency and translational relevance. 

In the present study, we performed an integrative transcriptomic analysis of miRNA expression 

profiles from the TCGA-HNSC cohort to identify novel dysregulated miRNAs associated with 

HNSCC. Candidate miRNAs were subsequently evaluated for their potential clinical 

significance using survival and diagnostic analyses, followed by comprehensive target 

prediction and functional enrichment analyses to investigate their underlying biological 

relevance. Additionally, independent validation was carried out using multiple GEO datasets 

and patient-derived clinical samples to assess expression variability and molecular 

heterogeneity associated with HNSCC. 

 

Material and Methods: 

I. TCGA-HNSC miRNA Expression Dataset Acquisition and Cohort Stratification: miRNA 

expression profiles for head and neck squamous cell carcinoma (HNSC) were retrieved from 

the UCSC Xena Browser, which hosts harmonized datasets generated by The Cancer Genome 

Atlas. The dataset entitled “TCGA-HNSC miRNA expression (stem-loop quantification)” 

comprising 569 samples was downloaded from the Genomic Data Commons (GDC) hub 

available through GDC Xena Hubs [9-10]. Expression values were provided as log2(RPM + 

1)-normalized counts generated using Illumina sequencing platforms and were directly utilized 

https://xenabrowser.net/?utm_source=chatgpt.com
https://gdc.xenahubs.net/?utm_source=chatgpt.com


for downstream analyses. Corresponding clinical annotations, including patient identifiers, 

sample type, survival information, and anatomical site details, were obtained from the Genomic 

Data Commons Portal [11]. Since the TCGA-HNSC cohort includes tumors originating from 

multiple anatomical subsites within the head and neck region, a stringent filtering strategy was 

applied to establish an oral squamous cell carcinoma (OSCC)-specific cohort. Samples 

corresponding to oral cavity subsites, including tongue, buccal mucosa, floor of mouth, 

alveolar ridge, gingiva, and hard palate, were retained for subsequent analyses, whereas tumors 

derived from non-oral regions such as the larynx, hypopharynx, and oropharynx were excluded. 

This filtering approach minimized anatomical heterogeneity and ensured biological relevance 

for OSCC-focused downstream analyses. 

 

II. Differential Expression and Transcriptomic Analysis: Raw mRNA and miRNA count 

matrices together with associated clinical metadata were imported into R (version 4.2.3) for 

downstream transcriptomic analyses. Samples with incomplete annotations or extremely low 

library sizes were excluded following quality assessment. Low-abundance genes and miRNAs 

with fewer than 10 total counts across all samples were removed prior to normalization and 

statistical modelling. Differential expression analysis was performed using the DESeq2 

framework. Count normalization was conducted using the median-of-ratios method 

implemented in DESeq2 to account for sequencing depth variability across samples. Gene-wise 

dispersion estimates were calculated using empirical Bayes shrinkage, and differential 

expression testing was performed using negative binomial generalized linear models with 

tumor versus normal tissue status specified as the primary experimental condition. For 

downstream visualization and comparative analyses, normalized count matrices were 

transformed using variance stabilizing transformation (VST) or regularized log (rlog) 

transformation to reduce heteroscedasticity associated with count-based sequencing data. 

Normalized expression values were subsequently utilized for clustering, correlation, survival, 

and receiver operating characteristic (ROC) analyses. 

 

III. Kaplan–Meier Survival Analysis: Kaplan–Meier survival analysis was performed to evaluate 

the prognostic significance of candidate miRNAs identified through TCGA-based OSCC 

transcriptomic profiling. Normalized miRNA expression data and corresponding clinical 

annotations for the TCGA-HNSC cohort were obtained from the UCSC Xena Browser. 

Expression profiles corresponding to hsa-miR-1277, hsa-miR-519a-1, and hsa-miR-301b were 

extracted for downstream analyses. Patient identifiers derived from TCGA sample barcodes 

https://portal.gdc.cancer.gov/?utm_source=chatgpt.com
https://portal.gdc.cancer.gov/?utm_source=chatgpt.com


were matched with corresponding clinical metadata obtained from the Genomic Data 

Commons Portal. Overall survival (OS) was defined as the interval between diagnosis and 

death or last follow-up. Patients without documented death events were considered censored. 

For each miRNA, patients were stratified into high- and low-expression groups based on the 

median expression value across the cohort. Kaplan–Meier survival curves were generated using 

the survival and survminer packages in R (version 4.4.1), and differences in survival 

distributions were assessed using the log-rank test. Hazard ratios (HRs) together with 95% 

confidence intervals (CIs) were estimated using univariate Cox proportional hazards regression 

analysis. A two-tailed p value < 0.05 was considered statistically significant [11-14]. 
 

IV. Receiver Operating Characteristic (ROC) Curve Analysis: The diagnostic performance of 

candidate miRNAs was evaluated using receiver operating characteristic (ROC) curve analysis 

in the TCGA-HNSC cohort. Mature miRNA expression profiles corresponding to hsa-miR-

1277, hsa-miR-301b, and hsa-miR-519a-1 were retrieved from normalized TCGA miRNA 

datasets available through the UCSC Xena Browser. Samples were categorized according to 

TCGA barcode annotations, where “01A” represented primary tumor tissues and “11A” 

represented adjacent normal tissues. Following exclusion of incomplete observations, a total 

of 562 samples comprising 518 tumor and 44 normal tissues were included for downstream 

analysis. ROC analysis was performed using the pROC package in R. ROC curves were 

generated using non-parametric empirical ROC estimation, and diagnostic performance was 

evaluated by calculating the area under the curve (AUC) together with sensitivity and 

specificity distributions across classification thresholds [15]. Statistical significance was 

determined using two-tailed testing, and graphical visualization of ROC curves was performed 

using ggplot2-based plotting functions. 

 

V. GEO Microarray Validation Cohorts: To validate the reproducibility of differentially 

expressed miRNAs identified from TCGA miRNA-sequencing data, four independent 

microarray-based datasets, including GSE45238, GSE28100, GSE31277, and GSE124566, 

were retrieved from the Gene Expression Omnibus (GEO) database and analyzed as external 

validation cohorts [16]. These datasets were selected to evaluate consistency of candidate 

miRNA expression patterns across independent patient cohorts and experimental platforms. 

Differential expression analysis for each dataset was performed using the GEO2R platform 

implementing the limma framework with empirical Bayes moderation. Statistical significance 

was determined using Benjamini–Hochberg false discovery rate (FDR) correction [17-19]. 



Differentially expressed miRNAs were identified using an adjusted p-value threshold < 0.05 

together with a |log2 fold change| cutoff ≥ 0.25. Volcano plots were generated to visualize the 

distribution of significantly upregulated and downregulated miRNAs. Candidate miRNAs 

identified from TCGA analyses were subsequently cross-validated across all GEO datasets to 

assess reproducibility and directional consistency of expression patterns. 

 

VI. miRNA Target Prediction and Pearson Correlation Analysis: Candidate target genes 

associated with hsa-miR-1277, hsa-miR-519a-1, and hsa-miR-301b were identified through 

integrative analysis incorporating differential gene expression profiles together with multiple 

in silico miRNA target prediction databases, including TargetScan, miRDB, and miRWalk. 

Predicted targets were intersected with significantly downregulated genes identified from 

TCGA-HNSC transcriptomic datasets to prioritize biologically relevant candidate targets [20-

22]. Pearson correlation analysis was subsequently performed to evaluate the relationship 

between candidate miRNA expression and corresponding target gene expression within the 

TCGA-HNSC cohort. Normalized expression matrices for candidate miRNAs and target genes 

were extracted and analyzed in R using the ggplot2 framework [17]. Correlation coefficients 

(Pearson’s r) together with associated p values were calculated using two-tailed Pearson 

correlation testing. Scatter plots were generated with linear regression fitting and 95% 

confidence intervals to visualize inverse or direct associations between miRNA and target gene 

expression levels. 

 

VII. STRING Protein–Protein Interaction Network Analysis: To investigate the functional 

interaction landscape of candidate miRNA target genes, protein–protein interaction (PPI) 

network analysis was performed using the STRINGdb package in R. Candidate target genes 

identified through integrative transcriptomic analysis, target prediction databases, and Pearson 

correlation analysis were included for network generation. STRING database version 12.0 was 

queried using Homo sapiens (taxonomy ID: 9606) as the reference organism with a medium 

confidence interaction score threshold of 0.4. Genes were mapped to STRING identifiers, and 

interaction pairs among queried genes were extracted to construct the interaction network [23, 
24]. The resulting PPI network was visualized using the igraph package in R employing the 

Fruchterman–Reingold layout algorithm to identify interaction connectivity and functional 

clustering patterns among candidate target genes. 

 
 



VIII. Gene Ontology (GO) and KEGG Pathway Enrichment Analysis: To investigate the 

biological functions and signaling pathways associated with candidate miRNA target genes, 

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway 

enrichment analyses were performed using the clusterProfiler package in R. Target genes 

identified through integrative transcriptomic analysis and Pearson correlation analysis for hsa-

miR-1277, hsa-miR-301b, and hsa-miR-519a-1 were used as input gene sets. Gene symbols 

were converted into Entrez Gene IDs using the org.Hs.eg.db database. GO enrichment analysis 

was conducted across Biological Process (BP), Cellular Component (CC), and Molecular 

Function (MF) ontologies, while KEGG pathway enrichment analysis was performed to 

identify significantly associated signaling pathways [25]. Enrichment significance was 

evaluated using adjusted p-values, and enriched terms were ranked according to gene count 

and statistical significance. Enrichment results were visualized as bar plots using ggplot2 and 

enrichplot packages, where bar length represented gene count and color intensity corresponded 

to −log10(adjusted p-value). 

 

IX. Clinical Sample Collection and Quantitative Real-Time PCR Validation: OSCC tissue 

specimens together with adjacent normal oral mucosal tissues were collected for experimental 

validation of candidate miRNA expression. Total RNA, including small RNAs, was isolated 

using TRIzol Reagent (Thermo Fisher Scientific, USA) according to the manufacturer’s 

instructions. Reverse transcription was performed using the miR-Q assay strategy in 

combination with the High-Capacity cDNA Reverse Transcription Kit (Applied Biosystems, 

USA), as previously described [26, 27]. Quantitative real-time PCR (qRT-PCR) was performed 

using SYBR Green chemistry on an Applied Biosystems StepOnePlus Real-Time PCR System. 

Expression levels of hsa-miR-1277, hsa-miR-519a-1, and hsa-miR-301b were normalized 

against RNU6B, which served as the endogenous internal control. Relative expression levels 

were calculated using the 2^−ΔΔCt method. All reactions were performed in triplicate, and data 

are presented as mean ± standard deviation (SD). Statistical analysis was performed using a 

one-sample t-test against a theoretical mean of zero, and a two-tailed p value < 0.05 was 

considered statistically significant. 

 

Stemloop mir-519a-1: 
GAAAGAAGGCGAGGAGCAGATCGAGGAAGAAGACGGAAGAATGTGCGTCTCGCCTTCTTTCACAC

TCTAA 

 



FP mir-519a-1-3p:  

GCAAAGTGCATCCTTTTAGAGTG 

 

Stemloop mir-301b-3p: 

GAAAGAAGGCGAGGAGCAGATCGAGGAAGAAGACGGAAGAATGTGCGTCTCGCCTTCTTTCGCTT

TGACA 

FP Stem mir-301b-3p: 

GCCAGTGCAATGATATTGTCA        

 
Universal RP Stemloop:  
CGAGGAAGAAGACGGAAGAAT 
 

Stemloop miR-1277-5p: 
GAAAGAAGGCGAGGAGCAGATCGAGGAAGAAGACGGAAGAATGTGCGTCTCGCCTTCTTTCATAC
GTACA 

 
FP Stem miR-1277-5p: 
GCGGAAATATATATATATATGTACGTAT 
 
FP Stem U6: GCTTCGGCAGCACATATACTAAAAT 

 
RP Stem U6: CGCTTCACGAATTTGCGTGTCAT 

 

 

Results: 

1. Differential miRNA Expression Profiling Identifies Candidate Oncogenic miRNAs in 
OSCC: 

Mature miRNA expression profiles from the TCGA-HNSC cohort were retrieved through the 

UCSC Xena Browser and filtered to establish an HPV-negative OSCC-specific dataset 

comprising 323 samples, including 304 tumor tissues and 19 normal oral mucosa controls 

(Supplementary Document 1). Differential expression analysis performed using DESeq2 

identified 1,330 significantly dysregulated miRNAs in OSCC, including 946 upregulated and 

384 downregulated transcripts relative to normal oral tissues (FDR ≤ 0.05; log2FC ≥ 0.5).  

Global differential miRNA expression patterns were visualized using a volcano plot (Figure 

1). Among the significantly deregulated miRNAs, hsa-miR-1277, hsa-miR-301b, and hsa-miR-

519a-1 demonstrated prominent upregulation in OSCC tissues and were prioritized for 

subsequent diagnostic, prognostic, and functional analyses based on their differential 

expression profiles and potential biological relevance. 



 

Figure 1. Differential miRNA expression landscape in TCGA-derived OSCC cohort. Volcano plot illustrating 

differentially expressed mature miRNAs identified in HPV-negative OSCC samples derived from the TCGA-

HNSC cohort obtained through the UCSC Xena Browser. Differential expression analysis was performed using 

DESeq2 with significance thresholds set at FDR ≤ 0.05 and log2 fold change ≥ 0.5. A total of 1,330 significantly 

dysregulated miRNAs were identified, including 946 upregulated and 384 downregulated transcripts in OSCC 

tissues relative to normal oral mucosa controls. Candidate oncogenic miRNAs, including hsa-miR-1277, hsa-miR-

301b, and hsa-miR-519a-1, are highlighted for downstream validation and functional characterization. 

 

 

2. Prognostic and Diagnostic Assessment of Candidate miRNAs in the TCGA-HNSC 
Cohort: 

To further investigate the translational relevance of the shortlisted candidate miRNAs identified 

through differential expression profiling, Kaplan–Meier survival analysis and receiver 

operating characteristic (ROC) curve analysis were performed using the TCGA-HNSC cohort 

(Figure 2A–F). 

Kaplan–Meier survival analysis was conducted to evaluate the prognostic significance of hsa-

miR-1277, hsa-miR-519a-1, and hsa-miR-301b in HNSCC patients (Figure 2A–C). Patients 



were stratified into high- and low-expression groups based on median miRNA expression 

levels (Supplementary document 2). hsa-miR-519a-1 expression was not significantly 

associated with overall survival (HR = 0.924, 95% CI: 0.708–1.205; log-rank p = 0.559). 

Similarly, no significant survival association was observed for hsa-miR-1277 (HR = 1.000, 

95% CI: 0.767–1.303; log-rank p = 0.998) or hsa-miR-301b (HR = 1.039, 95% CI: 0.798–

1.354; log-rank p = 0.774). These findings indicate that although the candidate miRNAs were 

significantly dysregulated in OSCC tissues, their expression levels did not demonstrate 

prognostic significance for overall survival within the heterogeneous TCGA-HNSC cohort. 

 



 

Figure 2. Survival and ROC curve analyses of candidate miRNAs in the TCGA-HNSC cohort. (A–C) 

Kaplan–Meier survival curves illustrating overall survival stratified according to high- and low-expression groups 

for (A) hsa-miR-1277, (B) hsa-miR-519a-1, and (C) hsa-miR-301b in the TCGA-HNSC cohort. Patients were 

dichotomized based on median miRNA expression values. Hazard ratios (HRs), 95% confidence intervals (CIs), 

and log-rank p values derived from Cox proportional hazards regression analysis are indicated within each panel. 

None of the evaluated candidate miRNAs demonstrated statistically significant prognostic association with overall 

survival. (D–F) Receiver operating characteristic (ROC) curve analysis evaluating the discriminatory performance 

of candidate miRNAs using normalized TCGA-HNSC miRNA expression profiles comprising 518 tumor and 44 



normal tissue samples. (D) hsa-miR-519a-1 demonstrated comparatively lower discriminatory performance with 

an area under the curve (AUC) of 0.627. (E) hsa-miR-1277 exhibited moderate diagnostic accuracy with an AUC 

of 0.735. (F) hsa-miR-301b showed strong discriminatory performance with an AUC of 0.868. Collectively, these 

findings indicate superior diagnostic potential of hsa-miR-301b, followed by hsa-miR-1277, whereas hsa-miR-

519a-1 displayed comparatively weaker discriminatory utility in the TCGA-HNSC cohort. 

 

Given the limited prognostic association, the diagnostic utility of these candidate miRNAs was 

subsequently assessed using ROC curve analysis based on normalized miRNA expression 

profiles derived from 518 tumor and 44 normal tissue samples (Figure 2D–F). Among the 

evaluated candidates, hsa-miR-301b demonstrated the strongest discriminatory performance 

with an area under the curve (AUC) of 0.868, indicating high diagnostic accuracy for 

distinguishing HNSCC tissues from normal controls. hsa-miR-1277 also exhibited appreciable 

discriminatory capability with an AUC of 0.735, suggesting moderate diagnostic performance 

(Supplementary Document 3). In contrast, hsa-miR-519a-1 demonstrated comparatively 

lower diagnostic accuracy with an AUC of 0.627, indicating limited standalone discriminatory 

utility. Collectively, these findings support the potential diagnostic relevance of hsa-miR-301b 

and hsa-miR-1277 in HNSCC and further validate the transcriptomic alterations identified 

through differential expression profiling. 

 



 

Figure 3. Integrative overlap analysis of predicted target genes associated with candidate miRNAs in 

OSCC. Venn diagram analyses illustrating the overlap between significantly downregulated genes identified from 

the TCGA-HNSC dataset and predicted miRNA targets obtained from TargetScan, miRDB, miRWalk, and 

miRmap databases. (A) Overlap profile of hsa-miR-519a identifying 24 common candidate target genes shared 

across all datasets. (B) Overlap analysis of hsa-miR-1277 identifying five common candidate target genes, 

including KCNJ3, DLG2, KLHL14, AGTR1, and HLF. (C) Overlap analysis of hsa-miR-301b identifying five 

common candidate target genes comprising DLG2, GABRB2, NR3C2, PRKAA2, and AR. Intersecting genes 

represent high-confidence putative downstream targets consistently identified across transcriptomic and in silico 

prediction datasets. 

 

 



3. Identification of High-Confidence Candidate Targets of Dysregulated miRNAs in OSCC: 
To further investigate the potential downstream regulatory landscape associated with the 

shortlisted candidate miRNAs, an integrative target prediction analysis was performed for hsa-

miR-1277, hsa-miR-519a, and hsa-miR-301b using TCGA-HNSC transcriptomic data in 

combination with multiple independent in silico target prediction databases (Figure 3A–C). 
Differentially downregulated genes identified from the TCGA-HNSC dataset were intersected 

with predicted miRNA targets obtained from TargetScan, miRDB, miRWalk, and miRmap 

databases to prioritize biologically relevant candidate targets (Supplementary Document 4-

6). Venn diagram analyses were generated in R using the VennDiagram package, while data 

preprocessing and import were performed using the readxl package.  

Integrative overlap analysis for hsa-miR-1277 identified five common candidate target genes, 

namely KCNJ3, DLG2, KLHL14, AGTR1, and HLF, shared across TCGA-HNSC 

downregulated genes and all four prediction databases (Figure 3B). These overlapping genes 

represented high-confidence putative downstream targets of hsa-miR-1277 and were 

prioritized for subsequent correlation and functional analyses. 

Similarly, overlap analysis for hsa-miR-301b identified five common candidate target genes, 

including DLG2, GABRB2, NR3C2, PRKAA2, and AR (Figure 3C). Several of these genes are 

associated with signal transduction, transcriptional regulation, metabolic homeostasis, and 

cellular signaling pathways, suggesting a potential regulatory role of hsa-miR-301b in OSCC-

associated oncogenic processes. 

In contrast, hsa-miR-519a demonstrated a substantially broader overlap profile, with 24 

common candidate target genes identified across TCGA-HNSC downregulated genes and all 

four prediction databases (Figure 3A). These included PCDH20, CA10, PCDHA12, 

PCDHA13, TOX3, FBXO40, CHRM2, LMX1A, GRIK3, PCDHAC1, KCNB1, SLITRK3, 

PPP1R9A, PCDHA11, LONRF2, FAM216B, SNX31, PCDHA3, HFM1, LRP1B, PCDHA4, 

GPM6A, RBM20, and PCDHAC2. Notably, several identified targets belonged to the 

protocadherin family and neuronal signaling-associated pathways, suggesting that hsa-miR-

519a may regulate diverse cellular processes linked to adhesion dynamics, intercellular 

signaling, and tumor progression in OSCC. 

Collectively, the integrative intersection strategy combining TCGA-HNSC downregulated 

genes with multiple independent target prediction algorithms enabled the identification of 

robust and biologically relevant candidate targets for all three miRNAs. These high-confidence 

target genes were subsequently prioritized for downstream Pearson correlation, pathway 

enrichment, and functional network analyses. 



 

Figure 4. Pearson correlation analysis between hsa-miR-1277 and predicted target genes in OSCC. Scatter 

plots illustrating Pearson correlation analysis between hsa-miR-1277 expression and the predicted target genes 

AGTR1, DLG2, HLF, KCNJ3, and KLHL14 in TCGA-HNSC tumor samples. Each dot represents an individual 

patient sample, and linear regression lines with 95% confidence intervals are shown. hsa-miR-1277 demonstrated 



a significant inverse correlation with AGTR1 (R = −0.267, p = 4.51 × 10⁻⁶), whereas weak negative correlations 

were observed with DLG2 (R = −0.1073, p = 0.0696), KCNJ3 (R = −0.0423, p = 0.4758), and KLHL14 (R = 

−0.0626, p = 0.2906). In contrast, HLF exhibited a weak positive correlation with hsa-miR-1277 expression (R = 

0.122, p = 0.0388). 

 

 

Figure 5. Pearson correlation analysis between hsa-miR-301b and predicted target genes in OSCC. Scatter 

plots showing Pearson correlation analysis between hsa-miR-301b expression and the predicted target genes AR, 



DLG2, GABRB2, NR3C2, and PRKAA2 in TCGA-HNSC tumor samples. Each dot represents an individual 

tumor sample, and linear regression lines with 95% confidence intervals are displayed. hsa-miR-301b exhibited 

significant inverse correlations with AR (R = −0.2749, p = 2.27 × 10⁻⁶), DLG2 (R = −0.2774, p = 1.81 × 10⁻⁶), 

GABRB2 (R = −0.2226, p = 1.43 × 10⁻⁴), NR3C2 (R = −0.3707, p = 8.90 × 10⁻¹¹), and PRKAA2 (R = −0.2301, 

p = 8.37 × 10⁻⁵). Among the analyzed targets, NR3C2 demonstrated the strongest inverse association with hsa-

miR-301b expression. 

 

 

Figure 6. Pearson correlation analysis between hsa-miR-519a-1 and predicted target genes in OSCC. Scatter 

plots depicting Pearson correlation analysis between hsa-miR-519a-1 expression and the predicted target genes 

CA10, FBXO40, PCDH20, PCDHA12, PCDHA13, and TOX3 in TCGA-HNSC tumor samples. Each dot 



represents an individual patient sample, and linear regression lines with 95% confidence intervals are shown. hsa-

miR-519a-1 demonstrated weak correlations with all analyzed target genes, including CA10 (R = 0.0281, p = 

0.6353), FBXO40 (R = −0.0961, p = 0.1043), PCDH20 (R = −0.0404, p = 0.4951), PCDHA12 (R = 0.0206, p = 

0.7285), PCDHA13 (R = 0.0503, p = 0.3957), and TOX3 (R = 0.0262, p = 0.6587). No statistically significant 

correlations were identified between hsa-miR-519a-1 expression and the analyzed candidate target genes within 

the TCGA-HNSC cohort. 

 

4. Pearson Correlation Analysis Supports Putative miRNA–Target Regulatory Associations 

in OSCC: Following the identification of high-confidence candidate target genes through 

integrative overlap analysis, Pearson correlation analysis was subsequently performed to 

further investigate the potential regulatory association between the shortlisted miRNAs and 

their predicted downstream targets within the TCGA-HNSC transcriptomic cohort (Figures 4–

6). Since miRNA-mediated gene regulation is frequently associated with transcript 

destabilization and reduced target mRNA abundance, inverse expression correlations between 

candidate miRNAs and their predicted targets were considered supportive of potential post-

transcriptional regulatory interactions in OSCC (Supplementary Document 7). 

For hsa-miR-1277, AGTR1 expression demonstrated a significant inverse correlation with 

miRNA levels (R = −0.267, p = 4.51 × 10⁻⁶), supporting a potential miRNA-mediated 

suppressive interaction in OSCC (Figure 4). In contrast, DLG2, KCNJ3, and KLHL14 

exhibited weak negative correlations that did not reach statistical significance. Interestingly, 

HLF displayed a weak but statistically significant positive correlation with hsa-miR-1277 

expression (R = 0.122, p = 0.0388), suggesting the possibility of indirect or context-dependent 

regulatory interactions within the tumor transcriptomic landscape. 

In the case of hsa-miR-301b, all analyzed candidate target genes exhibited significant negative 

correlations with miRNA expression (Figure 5). Among these, NR3C2 demonstrated the 

strongest inverse association (R = −0.3707, p = 8.90 × 10⁻¹¹), followed by DLG2 (R = −0.2774, 

p = 1.81 × 10⁻⁶) and AR (R = −0.2749, p = 2.27 × 10⁻⁶). Significant negative correlations were 

also observed for GABRB2 and PRKAA2. The consistent inverse correlation pattern across 

multiple predicted targets strongly supports a potential oncogenic role of hsa-miR-301b 

through coordinated repression of tumor suppressive and regulatory genes in OSCC. 

In contrast, hsa-miR-519a-1 did not demonstrate significant transcript-level correlations with 

the analyzed candidate targets, including CA10, FBXO40, PCDH20, PCDHA12, PCDHA13, 

and TOX3 (Figure 6). Although weak positive and negative trends were observed, none 



achieved statistical significance. These findings suggest that the predicted targets of hsa-miR-

519a-1 may be regulated through alternative mechanisms, including context-specific post-

transcriptional modulation or indirect regulatory interactions not fully reflected at the bulk 

transcriptomic level within the TCGA-HNSC cohort. 

 

Figure 7. Protein–protein interaction network of candidate target genes associated with hsa-miR-1277, hsa-

miR-301b, and hsa-miR-519a-1. STRING database (version 12.0)-based protein–protein interaction (PPI) 

network illustrating functional associations among candidate target genes identified through integrative 

transcriptomic and target prediction analyses. Nodes represent individual target genes, while connecting edges 

indicate predicted or experimentally supported functional interactions. Distinct interaction clusters were observed 

among targets associated with hsa-miR-301b and protocadherin-associated targets of hsa-miR-519a-1. DLG2 

appeared as a shared interacting node between hsa-miR-1277 and hsa-miR-301b target networks, suggesting 

potential convergence of regulatory pathways. Several isolated or weakly connected nodes were also observed, 

indicating functional heterogeneity among the predicted miRNA target genes. 

 



5. Functional Interaction Network Analysis Reveals Connectivity Among Candidate 
miRNA Target Genes: To further explore the potential biological relationships among the 

identified candidate target genes, STRING-based protein–protein interaction (PPI) network 

analysis was performed using targets associated with hsa-miR-1277, hsa-miR-301b, and hsa-

miR-519a-1 (Figure 7). Since miRNA-mediated oncogenic regulation frequently involves 

coordinated modulation of interconnected signaling networks rather than isolated genes, 

functional interaction analysis was undertaken to evaluate whether the predicted targets 

participated in shared regulatory pathways or molecular interaction modules within OSCC-

associated transcriptomic networks. 

The resulting interaction network demonstrated moderate but distinct clustering patterns 

among several candidate targets, whereas multiple genes remained weakly connected or 

isolated, indicating functional heterogeneity among the predicted miRNA-regulated genes 

(Supplementary Document 8). Among the analyzed targets, genes associated with hsa-miR-

301b exhibited comparatively stronger interaction connectivity. DLG2 emerged as a shared 

interacting node linking targets associated with both hsa-miR-1277 and hsa-miR-301b, 

suggesting potential convergence of these miRNAs on common regulatory pathways. 

Additional interactions involving NR3C2, AR, PRKAA2, and GABRB2 further supported the 

involvement of signaling pathways associated with cellular regulation, signal transduction, and 

transcriptional control. 

The hsa-miR-519a-1-associated target network demonstrated partial clustering predominantly 

among protocadherin family members, including PCDHA12 and PCDHA13, together with 

neuronal and adhesion-associated targets such as TOX3, FBXO40, and PCDH20. However, 

several predicted targets displayed limited or absent interactions within the STRING database, 

resulting in a comparatively sparse interaction architecture. Collectively, the STRING-based 

interaction analysis suggested potential involvement of cell adhesion-associated processes, 

neuronal signaling pathways, and regulatory signaling networks in OSCC-associated miRNA 

dysregulation. 

 

 



 

Figure 8. GO Biological Process enrichment analysis of candidate miRNA target genes. (A) Gene Ontology 

(GO) Biological Process enrichment analysis of hsa-miR-1277-associated target genes demonstrating significant 

enrichment of pathways related to regulation of membrane potential, trans-synaptic signaling, synapse assembly, 

and modulation of chemical synaptic transmission. (B) GO Biological Process enrichment analysis of hsa-miR-

519a-1-associated target genes showing enrichment of homophilic cell–cell adhesion and action potential-

associated biological processes. Bar length represents the number of genes associated with each enriched term, 

while color intensity corresponds to enrichment significance represented as −log10 (adjusted p-value). 

 

6. Functional Enrichment Analysis Reveals Synaptic and Cell Adhesion-Associated 

Pathways Linked to Candidate miRNA Targets: To further investigate the biological 



processes and signaling pathways potentially regulated by the identified candidate miRNAs, 

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway 

enrichment analyses were performed using the selected target genes derived from integrative 

TCGA-HNSC transcriptomic and in silico target prediction analyses (Figures 8–9). Given the 

moderate interaction clustering observed in STRING network analysis, enrichment analysis 

was subsequently undertaken to determine whether the identified target genes converged on 

specific biological pathways relevant to OSCC pathobiology. 

GO Biological Process enrichment analysis of hsa-miR-1277-associated target genes 

demonstrated significant enrichment of neuronal and synaptic regulatory processes, including 

regulation of membrane potential, regulation of trans-synaptic signaling, modulation of 

chemical synaptic transmission, synapse assembly, and regulation of postsynaptic membrane 

potential (Figure 8A). Additional enrichment of cell junction assembly and muscle system-

associated processes further suggested potential involvement of hsa-miR-1277-regulated 

targets in membrane-associated signaling dynamics and intercellular communication 

mechanisms implicated in tumor progression (Supplementary Document 9). 



 

Figure 9. KEGG pathway enrichment analysis of candidate miRNA target genes. (A) KEGG pathway 

enrichment analysis of hsa-miR-1277-associated target genes demonstrating significant enrichment of neuroactive 

ligand–receptor interaction, retrograde endocannabinoid signaling, nicotine addiction, and morphine addiction 

pathways. (B) KEGG pathway enrichment analysis of hsa-miR-519a-1-associated target genes showing 

significant enrichment of the cadherin signaling pathway. Bar length represents the number of genes associated 

with each enriched pathway, while color intensity indicates enrichment significance represented as −log10 

(adjusted p-value). 



 

Consistent with these findings, KEGG pathway enrichment analysis of hsa-miR-1277-

associated targets identified significant enrichment of neuroactive ligand–receptor interaction, 

retrograde endocannabinoid signaling, nicotine addiction, and morphine addiction pathways 

(Figure 9A). Collectively, these pathways indicate strong association of the identified targets 

with neuronal signaling and receptor-mediated communication networks. Although several 

enriched pathways are classically linked to neuronal biology, accumulating evidence suggests 

that neurotransmission-associated signaling pathways also contribute to tumor cell 

communication, invasive behavior, and oncogenic signaling regulation in epithelial 

malignancies, including OSCC. 

Additional GO Cellular Component and Molecular Function enrichment analyses further 

demonstrated significant enrichment of synaptic membrane-associated components, ion 

channel complexes, neurotransmitter receptor activity, gated ion channel activity, and 

potassium channel-related molecular functions among the candidate target genes. These 

findings further support the involvement of neuronal signaling and membrane-associated 

regulatory mechanisms in OSCC-associated miRNA dysregulation. 

Similarly, GO enrichment analysis of hsa-miR-519a-1-associated target genes demonstrated 

significant enrichment of homophilic cell–cell adhesion and action potential-associated 

biological processes (Figure 8B). KEGG pathway analysis further identified significant 

enrichment of the cadherin signaling pathway among hsa-miR-519a-1-associated targets 

(Figure 9B), suggesting potential involvement in adhesion dysregulation and tumor-associated 

signaling processes. Notably, the enrichment profile was predominantly driven by 

protocadherin family-associated targets, supporting the interaction patterns observed in 

STRING network analysis. 

In contrast, hsa-miR-301b-associated target genes did not demonstrate statistically significant 

GO Biological Process or KEGG pathway enrichment under the selected significance 

thresholds, potentially reflecting functional heterogeneity and limited pathway convergence 

among the analyzed targets. 
 

 

 



 

 

 

Figure 10. Differential miRNA expression patterns across independent GEO validation cohorts. Volcano 

plots illustrating differential miRNA expression profiles in (A) GSE45238, (B) GSE28100, (C) GSE31277, and 

(D) GSE124566. Differential expression analysis was performed using the limma framework with empirical 

Bayes moderation through GEO2R. Raw p-values were adjusted using the Benjamini–Hochberg false discovery 

rate (FDR) correction. Significantly dysregulated miRNAs were defined using adjusted p-value < 0.05 and 

|log₂FC| ≥ 0.25. Upregulated miRNAs are shown in red, downregulated miRNAs in green, and non-significant 

miRNAs in gray. TCGA-derived candidate miRNAs are highlighted within each dataset to evaluate external 

validation consistency across independent cohorts. 

 

 

7. External Validation of Candidate miRNAs Across Independent GEO Cohorts: To further 

validate the transcriptomic alterations identified in the TCGA-HNSC discovery cohort, 

differential expression analyses were performed across four independent GEO miRNA 



expression datasets, including GSE45238, GSE28100, GSE31277, and GSE124566, using the 

limma framework with empirical Bayes moderation implemented through GEO2R (Figure 

10). Differentially expressed miRNAs were identified using Benjamini–Hochberg FDR-

adjusted p-values < 0.05 and |log₂FC| ≥ 0.25 (Supplementary Document 10).  

Volcano plot visualization demonstrated distinct differential expression distributions across the 

independent validation cohorts. Among the analyzed datasets, GSE45238 demonstrated the 

highest number of significantly dysregulated miRNAs, comprising 154 upregulated and 165 

downregulated miRNAs. In contrast, GSE28100 exhibited comparatively fewer significant 

miRNAs, with 44 upregulated and 10 downregulated candidates. Similarly, GSE31277 

identified 45 upregulated and 75 downregulated miRNAs, whereas GSE124566 demonstrated 

117 upregulated and 93 downregulated miRNAs. The number of non-significant miRNAs 

varied substantially among datasets, reflecting differences in cohort composition, microarray 

platforms, normalization approaches, and expression variability. 

Cross-validation of TCGA-derived candidate miRNAs across the GEO cohorts revealed 

heterogeneous expression patterns with only partial reproducibility among independent 

datasets. Several candidate miRNAs demonstrated directionally concordant dysregulation 

across multiple cohorts; however, statistical significance was not consistently retained in all 

datasets. This variability may be attributed to differences in sample size, platform-specific 

probe sensitivity, normalization methodologies, and the comparatively limited dynamic range 

associated with microarray-based miRNA profiling relative to sequencing-based datasets. 

Notably, although certain candidate miRNAs demonstrated reduced statistical significance 

within individual GEO cohorts, their overall directional expression trends remained partially 

concordant with the TCGA-derived transcriptomic findings. Subsequent qRT-PCR validation 

similarly demonstrated heterogeneous expression patterns among clinical OSCC specimens, 

further supporting the substantial molecular heterogeneity characteristic of HNSCC. 

Collectively, the integrated analyses across TCGA discovery datasets, independent GEO 

validation cohorts, and experimental validation support the potential biological relevance of 

the identified miRNAs in OSCC progression. 



 

Figure 11. qRT-PCR-based validation of candidate miRNA dysregulation in OSCC clinical specimens. (A–

C) Relative expression levels of hsa-miR-301b, hsa-miR-1277, and hsa-miR-519a-1 in oral squamous cell 

carcinoma (OSCC) tissues compared with adjacent normal oral mucosa (Adj Nor). Expression values are 

presented as log₂ fold change relative to adjacent normal tissues. hsa-miR-301b demonstrated significant 

downregulation in OSCC tissues (p = 0.0002), while hsa-miR-1277 also showed significantly reduced expression 

(p = 0.0105). In contrast, hsa-miR-519a-1 did not exhibit statistically significant differential expression (p = 

0.0904). Statistical analysis was performed using a one-sample t-test against a theoretical mean of zero. Horizontal 

bars represent mean ± SEM, and individual dots correspond to independent biological samples. 

 

 

8. qRT-PCR-Based Validation of Candidate miRNA Dysregulation in Indian OSCC Clinical 
Specimens: To further validate the dysregulated expression patterns identified through TCGA-



HNSC transcriptomic analyses and independent GEO validation cohorts, quantitative real-time 

PCR (qRT-PCR) analysis was performed using OSCC clinical specimens and corresponding 

adjacent normal oral mucosa controls (Figure 11). This experimental validation was 

undertaken to assess the reproducibility of the identified candidate miRNA alterations within 

an independent clinical cohort. 

Relative miRNA expression levels were analyzed as log₂ fold change values normalized against 

adjacent normal tissues, and statistical significance was evaluated using a one-sample t-test 

against a theoretical mean of zero (Supplementary Document 11). Among the evaluated 

candidates, hsa-miR-301b demonstrated significant downregulation in OSCC tissues, with a 

mean log₂ fold change of −2.805 ± 0.611 (95% CI: −4.089 to −1.520; t = 4.587, p = 0.0002) 

(Figure 11A). Similarly, hsa-miR-1277 exhibited significantly reduced expression in OSCC 

specimens, with a mean log₂ fold change of −2.148 ± 0.773 (95% CI: −3.744 to −0.552; t = 

2.777, p = 0.0105) (Figure 11B). 
In contrast, hsa-miR-519a-1 did not demonstrate statistically significant differential expression 

between OSCC and adjacent normal tissues, despite showing an overall trend toward reduced 

expression (mean log₂ fold change = −1.613 ± 0.909; 95% CI: −3.502 to 0.277; t = 1.775, p = 

0.0904) (Figure 11C). 

Notably, substantial inter-sample variability was observed across individual clinical specimens, 

indicating pronounced molecular heterogeneity within the analyzed OSCC cohort. Although 

the expression patterns observed in qRT-PCR analyses were not entirely concordant with the 

TCGA-derived transcriptomic profiles, the collective findings obtained from computational 

analyses, external GEO validation cohorts, and experimental validation support the 

dysregulated expression of these candidate miRNAs in OSCC and further highlight the 

biological complexity associated with HNSCC progression. 

 

DISCUSSION: MicroRNA dysregulation is increasingly recognized as a critical contributor 

to oral squamous cell carcinoma (OSCC) progression, influencing proliferation, invasion, 

epithelial–mesenchymal transition, stemness, and therapeutic response. Several studies have 

demonstrated that aberrant miRNA expression contributes substantially to the molecular 

heterogeneity of head and neck squamous cell carcinoma (HNSCC) [28, 29]. In the present 

study, integrative transcriptomic, bioinformatic, and experimental analyses identified hsa-miR-



1277, hsa-miR-301b, and hsa-miR-519a-1 as candidate miRNAs associated with OSCC-

related molecular alterations. 

Differential expression analysis of anatomically filtered HPV-negative TCGA-OSCC samples 

demonstrated widespread miRNA dysregulation, while ROC analysis supported the 

comparatively strong diagnostic potential of hsa-miR-301b and hsa-miR-1277. Previous 

investigations have similarly highlighted the diagnostic utility of miRNA signatures in 

distinguishing malignant oral lesions from normal tissues [30]. In contrast, Kaplan–Meier 

survival analysis demonstrated that none of the three miRNAs showed statistically significant 

associations with overall survival in the TCGA-HNSC cohort. Although minor fluctuations in 

survival trajectories were observed between high- and low-expression groups, these differences 

were not sustained across the cohort. These findings suggest that transcriptomic dysregulation 

alone may not necessarily translate into prognostic utility within heterogeneous HNSCC 

populations. Importantly, the TCGA-HNSC cohort comprises tumors from multiple anatomical 

subsites with distinct etiological and molecular characteristics, which may dilute OSCC-

specific prognostic associations. 

Integrative target prediction analysis combining TCGA-derived downregulated genes with 

multiple independent prediction algorithms identified several high-confidence candidate target 

genes potentially subjected to miRNA-mediated regulation. Among the evaluated candidates, 

hsa-miR-301b demonstrated the strongest and most consistent inverse correlations with 

multiple targets, including NR3C2, DLG2, AR, GABRB2, and PRKAA2. NR3C2 has 

previously been implicated in tumor suppressive signaling and cellular homeostasis in several 

malignancies, while PRKAA2-associated pathways are linked to metabolic regulation and 

cancer cell adaptation [31]. These findings collectively support the possibility that hsa-miR-

301b may contribute to oncogenic progression through coordinated repression of multiple 

downstream regulators. 

In contrast, hsa-miR-1277 demonstrated a comparatively selective inverse association, 

particularly with AGTR1. Angiotensin II receptor signaling has previously been associated 

with tumor proliferation, angiogenesis, inflammatory signaling, and metastasis in multiple 

cancers [32]. The observed inverse association between hsa-miR-1277 and AGTR1 therefore 

suggests a potentially relevant regulatory interaction in OSCC. Interestingly, HLF 

demonstrated a weak positive correlation with hsa-miR-1277 expression, emphasizing the 



complexity of transcriptomic regulatory networks and suggesting that computationally 

predicted targets may not universally reflect direct inhibitory interactions in vivo. 

Unlike hsa-miR-1277 and hsa-miR-301b, hsa-miR-519a-1 demonstrated comparatively weak 

and statistically non-significant transcript-level correlations with the selected target genes 

despite exhibiting a broader overlap profile during integrative target prediction analysis. Such 

discrepancies are biologically plausible and may arise from indirect regulation, translational 

repression without measurable transcript degradation, feedback regulatory loops, or context-

dependent tumor heterogeneity. Importantly, miRNA-mediated regulation does not universally 

result in detectable transcript depletion within bulk transcriptomic datasets [33]. 

STRING protein–protein interaction analysis further demonstrated moderate functional 

connectivity among several candidate targets. DLG2 emerged as a shared interaction node 

linking hsa-miR-1277 and hsa-miR-301b target networks, suggesting possible convergence on 

common signaling pathways. Functional enrichment analyses additionally revealed significant 

enrichment of neuronal signaling, synaptic regulation, ion channel activity, neurotransmitter 

receptor activity, and cadherin-associated pathways. Increasing evidence suggests that neuronal 

signaling pathways contribute substantially to tumor progression, neural crosstalk, invasion, 

and microenvironmental regulation in epithelial malignancies, including HNSCC [34, 35]. 

Similarly, enrichment of protocadherin and adhesion-associated pathways among hsa-miR-

519a-1 targets suggests possible involvement in epithelial plasticity and cell adhesion-

associated signaling dynamics. 

In contrast, no statistically significant GO Biological Process or KEGG pathway enrichment 

was observed for hsa-miR-301b-associated targets despite strong inverse transcriptomic 

correlations. This apparent inconsistency likely reflects the relatively limited number of 

selected targets and their distribution across multiple unrelated biological processes, 

emphasizing that biologically relevant transcriptomic interactions may not necessarily 

converge into statistically overrepresented pathways. 

External validation using independent GEO cohorts demonstrated partially concordant but 

heterogeneous expression patterns across datasets. Although several candidate miRNAs 

demonstrated directionally consistent dysregulation, statistical significance was not uniformly 

retained across all cohorts. Such variability may reflect differences in cohort composition, 

platform-specific probe sensitivity, normalization procedures, and the limited dynamic range 

associated with microarray-based profiling technologies relative to sequencing-based datasets. 



Interestingly, qRT-PCR validation performed in Indian OSCC clinical specimens demonstrated 

expression trends that were not entirely concordant with TCGA-derived transcriptomic 

analyses. Rather than representing contradictory findings, these inconsistencies likely reflect 

population-specific molecular heterogeneity, ethnic variability, tobacco-associated molecular 

alterations, environmental exposure patterns, differences in tumor stage distribution, and 

relatively limited cohort size. Similar discrepancies between sequencing-based datasets and 

clinical validation cohorts have previously been reported in OSCC biomarker studies [36]. 

Several limitations of the present study should be acknowledged. The analyses were primarily 

based on retrospective transcriptomic datasets and computational target prediction approaches, 

which cannot fully establish direct mechanistic regulation. Although qRT-PCR validation was 

performed, the clinical cohort size remained limited and lacked detailed molecular 

stratification. Furthermore, functional assays confirming direct miRNA–target interactions and 

downstream pathway modulation were not undertaken. Future investigations incorporating 

luciferase reporter assays, gain- and loss-of-function studies, transcriptomic perturbation 

analyses, and in vivo validation models will therefore be necessary to further establish the 

mechanistic contribution of these candidate miRNAs in OSCC progression. 

 

Conclusion: The present study provides an integrative characterization of hsa-miR-1277, hsa-

miR-301b, and hsa-miR-519a-1 in OSCC using TCGA transcriptomic profiling, GEO 

validation cohorts, target prediction analysis, Pearson correlation analysis, functional 

enrichment analysis, STRING interaction networks, and qRT-PCR-based clinical validation. 

Collectively, the findings indicate that these miRNAs may participate in distinct regulatory 

pathways involving neuronal signaling, receptor-mediated communication, metabolic 

regulation, synaptic signaling, and cell adhesion-associated processes in OSCC. Among the 

evaluated candidates, hsa-miR-301b and hsa-miR-1277 demonstrated comparatively stronger 

diagnostic relevance, whereas prognostic associations remained limited within the 

heterogeneous TCGA-HNSC cohort. Importantly, the inconsistencies observed across TCGA, 

GEO, and experimental validation cohorts further highlight the substantial molecular 

heterogeneity associated with OSCC and emphasize the complexity of miRNA-mediated 

regulatory mechanisms in head and neck cancer. Although additional mechanistic and large-

scale clinical validation studies are required, the present findings expand the current 

understanding of miRNA-associated regulatory networks in OSCC and identify candidate 



miRNAs that may warrant further investigation as potential biomarkers and therapeutic targets 

in head and neck cancer. 
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