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A B S T R A C T

Lymph node metastasis in oral cancer (OC) complicates management due to its aggressive nature and high risk of 
recurrence, underscoring the need for biomarkers for early detection and targeted therapies. However, the 
drivers of this aggressive phenotype remain unclear due to the variability in gene expression patterns. To address 
this, an integrative meta-analysis of six publicly available transcriptomic profiles, categorized by lymph nodal 
status, is conducted. Key determinants of disease progression are identified through functional characterization 
and the TopConfects ranking approach of nodal associated differentially expressed genes (DEGs). To explore the 
critical nexus between lymph node metastasis and OC recurrence, significant metastatic genes were cross- 
analysed with literature-derived genes exhibiting aberrant methylation patterns in OC recurrence. Their clin
ical relevance and expression patterns were then validated in an external dataset from the TCGA head and neck 
cancer cohort. The analysis identified elevated expression of genes involved in extracellular matrix remodelling 
and immune response, while the expression of genes related to cellular differentiation and barrier functions was 
reduced, driving the transition to nodal positivity. The highest-ranked gene, MMP1, showed a log-fold change 
(LFC) of 4.946 (95 % CI: 3.71, 6.18) in nodal-negative samples, which increased to 5.899 (95 % CI: 4.80, 6.99) in 
nodal-positive samples, indicating consistent elevation across disease stages. In contrast, TMPRSS11B was 
significantly downregulated, with an LFC of − 5.512 (95 % CI: − 6.63, − 4.38) in nodal-negative samples and 
− 5.898 (95 % CI: − 7.15, − 4.64) in nodal-positive samples. Furthermore, MEIS1, down-regulated in nodal- 
positive status, was found to exhibit hypermethylation at CpG sites associated with OC recurrence. This study 
represents the first transcriptomic meta-analysis to explore the intersection of lymph node metastasis and OC 
recurrence, identifying MEIS1 as a potential key contributor. These comprehensive insights into disease trajec
tories offer potential biomarkers and therapeutic targets for future treatment strategies.

1. Introduction

Oral squamous cell carcinoma (OSCC) is the most common type of 
malignant neoplasm of head and neck squamous cell carcinoma (HNSC), 
with around 90 % of tumours developing within the epithelial lining of 
the oral cavity [1]. In its early, localized stages, OSCC typically has a 
positive prognosis, with a high 5-year survival rate. However, this 
outlook worsens significantly when the disease spreads to neighbouring 
lymph nodes, resulting in a considerable reduction in the survival rate. 

The presence of lymph node metastasis is a critical, independent prog
nostic factor that affects patient outcomes. OSCC tends to metastasize to 
the cervical lymph node at an early stage, further complicating the 
therapeutic decisions [2,3]. More than 50 % of OSCC patients often 
present with locally advanced disease at the time of initial diagnosis, 
necessitating an interdisciplinary treatment approach involving surgery, 
radiotherapy, and chemotherapy [1]. Surgery remains the mainstay of 
treatment, with studies indicating improved survival outcomes 
compared to primary radiotherapy [4,5]. However, treatment-related 
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disability is a concern, and many patients experience disease recurrence 
or distant metastasis. In scenarios of recurrent or metastatic OSCC, the 
standard treatment involves palliative systemic therapy. This approach 
typically results in a median survival duration of 6–9 months and a 
1-year survival rate ranging from 20 % to 40 % with chemotherapy as 
the sole intervention [6].

In the realm of OSCC treatment strategies, the clinical TNM classi
fication system governs the treatment planning, anticipating smaller, 
less invasive tumours without metastasis to demonstrate a favourable 
prognosis. However, tumours with identical staging can exhibit different 
growth patterns and clinical behaviours, complicating prognostic pre
dictions. Despite numerous histopathological factors being identified as 
prognostic markers, none are definitive. Also, accurately assessing 
tumour depth often poses specific challenges [7,8].

Therefore, there is an acute need to improve outcomes in this patient 
group. Considering the magnitude of the intricate pathological cascades 
underlying disease progression and invasiveness, alongside the dearth of 
robust strategies in addressing the same, mandates a comprehensive 
understanding of the disease panorama. Thus, unearthing reliable OSCC 
gene signatures or molecular biomarkers would serve as a valuable 
diagnostic or prognostic tool in the management of the disease.

The clinical and therapeutic significance of molecular subtyping, 
including DNA, RNA, and protein profiling, has been especially promi
nent in cancer research [9]. Comprehensive transcriptome (RNA) anal
ysis has emerged as a highly effective method for examining broad gene 
expression alterations, thereby facilitating insights into disease origin, 
metastatic development, and guiding diagnostic and therapeutic stra
tegies [10]. Despite its potential, the application of transcriptomics in 
clinical trials is often limited by small sample sizes, leading to challenges 
in analysing high-dimensional data where the number of genes far ex
ceeds the available samples, making the analysis difficult and less reli
able [11–13].

Transcriptomic studies in OSCC research, involving preclinical 
models and clinical specimens, are commonly utilized to elucidate dis
ease mechanisms, identify novel biomarkers and potential therapeutic 
targets. The most appropriate samples available for these analyses are 

biopsies of oral tumour tissues, often obtained during diagnostic pro
cedures such as surgical resections. These tissue samples serve as pri
mary sources for histopathological assessment of tumour characteristics 
and are also pivotal for molecular studies [14]. Various factors such as 
biopsy site, distance from the tumour margin, presence of malignant 
alterations, and tissue sample integrity can significantly influence 
transcriptomic analysis outcomes [15].

Previously, meta-analyses of data from multiple OSCC studies have 
been undertaken using various methodologies to explore changes in 
cellular physiology, expression of heat-shock proteins and E-cadherin, 
and exosomal protein-based biomarkers [16–19].

The current study focuses on 1) The Discernment of genes involved in 
the progression of OSCC, and 2) Unveiling the factors related to disease 
aggressiveness that contribute to both recurrence and lymph node 
metastasis. Herein, a random effects meta-analysis of publicly available 
microarray datasets derived from oral cancer biopsies was performed to 
retrieve set of significant genes involved in OSCC lymph node metas
tasis. Subsequently, these genes were mapped to the disease recurrence 
to disinter the aggression nexus (Fig. 1).

2. Methods

All the bioinformatics and statistical analyses were performed uti
lizing R software v.4.3.1 [21].

2.1. Screening of omics data to retrieve eligible OSCC transcriptomic 
profiles

OSCC transcriptomic profiles were obtained from the NCBI, Gene 
Expression Omnibus (GEO) [22], a public repository database. A sys
tematic search of all the reposited transcriptomic profiles (datasets): 
2002–2023 was undertaken between January and April of 2023, in 
accordance with the conventional procedure for meta-analyses [23]. 
The structured Boolean query for this search included a combination of 
various MeSH terms: ((((((((Mouth Neoplasm) OR Oral Neoplasm) OR 
Oral Cancer) OR Oral Squamous Cell Carcinoma) OR Mouth Cancer) OR 

Fig. 1. Methodological framework: The selected transcriptomic profiles of Oral squamous cell carcinoma (OSCC) were systematically retrieved from the GEO-NCBI 
data repositories. Following data exploration and preprocessing, differential expression analysis was performed on the selected OSCC datasets, categorized by lymph 
node statuses (negative and positive). Subsequently, a transcriptome based meta-analysis was conducted, integrating the results of individual nodal negative (− ) and 
positive (+) statuses. The significant differentially expressed genes (DEGs) identified via the meta-analysis (MD-DEG lymph node (− ) and MD-DEG lymph node (+)) 
were further subjected to functional, protein-protein interaction analysis and ranking to gain insights into disease progression. To investigate the genes driving the 
aggressive behaviour of OSCC, involving lymph node metastasis and recurrence, the intersection of literature-derived genes [20] exhibiting differentially methylated 
regions (DMRs) linked to recurrence and significant OSCC MD-DEG lymph node (+) was analysed. The resulting candidates within this aggression nexus were 
evaluated using the independent head and neck squamous cell carcinoma (HNSC) dataset.
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Tongue Neoplasms) OR Tongue Cancer) OR Gingival Neoplasms) OR 
OSCC.

The following inclusion criteria were applied. 

• Studies involving both non-OSCC (control) and OSCC (case) samples
• Sample size >3 for both the case and control groups
• Transcriptome Analysis of tissue samples from Homo sapiens
• RNA extracted directly from oral anatomical sub-sites as defined by 

the American Joint Committee on Cancer (AJCC)
• OSCC samples with nodal status information

Datasets with the following criteria were excluded. 

• Datasets containing drug-treated samples
• Studies examining gene regulation mechanisms
• Mutational studies

Subsequently, gene expression data from the datasets containing 
filtered samples from specific OSCC anatomical sites along with nodal 
status information were retrieved using the R package GEOquery [24].

2.2. Differential gene expression analysis of individual OSCC 
transcriptomic profiles with Varying nodal status

The datasets were individually pre-processed followed by tran
scriptomic analyses of each dataset. Differential gene expression anal
ysis was performed between i) normal non-OSCC control group vs OSCC 
case groups without lymph node metastasis and ii) normal non-OSCC 
control group vs OSCC case groups with lymph node metastasis.

The data preprocessing included standardizing the nomenclature of 
clinical variables across studies. Raw microarray data were retrieved 
from the GEO database, assessed, log2-transformed, and normalized. For 
RNA-seq datasets, low-expressed raw counts were filtered, and the 
’voom’ function from the limma package was applied to convert the raw 
counts into log-CPM values with precision weights for downstream 
modelling. Probe sets were mapped to Ensembl gene IDs and annotated 
to HUGO gene symbols using the biomaRt R package [25, 26]. Duplicate 
mappings were resolved by calculating the median expression. The 
datasets were explored using unsupervised clustering to identify 
expression patterns across samples and genes and to assess the presence 
of batch effects if any.

Differential expression analysis was conducted using the limma R 
package [27–29]. The P-values were adjusted for multiple testing using 
the Benjamini-Hochberg procedure, with statistical significance defined 
as adj.p-value <0.05 and a log2 fold change (LFC) > 1.5 (up or 
down-regulated).

2.3. Meta-analysis of OSCC specific DEGs with Varying nodal status

To perform a meta-analysis of screened transcriptomic profiles, we 
systematically integrated the results of OSCC nodal status-based differ
entially expressed genes (DEGs) derived from individual datasets into 
two separate meta-analysis groups: OSCC-Nodal (− ) and OSCC-Nodal 
(+). Meta-analysis was conducted using R package metafor [30], with 
the application of the DerSimonian and Laird random-effects model to 
accommodate individual study heterogeneity [31]. This methodology 
addresses variability across individual studies by assigning greater 
weights to studies with lower variability during the computation of 
meta-analysis results. Consequently, this approach emphasizes the most 
robust genes identified across the studies. To evaluate the overall simi
larities in DEGs across individual datasets and the meta-analysis, PCA 
principal component analysis (PCA) was utilized to reduce the data 
dimensionality based on LFC values, using the R base package stats and 
pcaExplorer [32] for all the genes. Additionally, forest plots were 
generated to compare the mean LFC values to determine the impact of 
individual datasets on the meta-analysis outcomes.

The DEGs that were observed consistently across at least 80 % of the 
analysed datasets, with an LFC >1.5 (up- or down-regulated) and 
exhibiting an adj.p < 0.05, were considered significant in the meta- 
analysis.

To interpret the genes associated with disease progression, signifi
cant meta-analysis-derived differentially expressed genes (MD-DEGs) 
were ranked using the TopConfects approach. The top 10 highly ranked 
MD-DEGs (up- and down-regulated) for each nodal status (positive and 
negative) were thus utilized to characterize their relation to the disease 
progression [33].

2.4. Analysis of nodal status based functional signatures

The set of nodal status associated DEGs identified through meta- 
analysis was scrutinized to elucidate their significance in attributing to 
functional differences between nodal negative and positive. Over- 
representation analysis (ORA) was carried out to examine the 
enriched biological functions and pathways associated with upregulated 
and downregulated genes corresponding to individual nodal statuses 
using the R package clusterProfiler [34]. P-values and adj.p-val (<0.05) 
were determined for each GO term [35] and KEGG pathway [36].

2.5. Protein-protein interaction (PPI) analysis to identify hub genes 
crucial in OSCC progression

The PPI network of significant nodal status-associated MD-DEGs was 
constructed using the STRING web tool [37] and subsequently was 
visualized with Cytoscape software (version-3.10.1) [38]. MD-DEGs that 
were a part of the network displaying potential association with 
nodal-negative status; common to both nodal positive and negative 
statuses; and association with nodal-positive status were designated as 
Nodal (− ) PPI; Nodal (±) PPI and Nodal (+) PPI subnetworks, 
respectively.

2.6. Identification and evaluation of potential genes underpinning the 
aggression nexus of OSCC

To elucidate the aggression nexus in oral cancer, we investigated the 
potential existence of epigenetic modifications in nodal metastatic genes 
that may influence disease recurrence. For this, an intersection analysis 
was performed between the significant MD-DEGs identified in the cur
rent analysis of the nodal-positive status and literature-derived genes 
exhibiting aberrant differentially methylated regions (DMR) associated 
with recurrence, from the published reports by Sorroche et al. [20]. The 
resulting common genes were analysed for relapse-free survival (RFS) 
and overall survival (OS) in independent HNSC cohort, using the 
Kaplan-Meier plotter database [39].

This was followed by a comprehensive evaluation of expression and 
methylation profiles in the OSCC dataset derived from GDC TCGA-HNSC 
cohort using UCSC Xena, a web browser database [40].

2.7. Correlations between methylation patterns and mRNA expression 
level of the shortlisted gene

To explore the relationship between DNA methylation pattern and 
gene expression, MEXPRESS was utilized, a web-based application 
designed to integrate and visualize expression and methylation data [41,
42]. Pearson correlation analysis was employed to compare the 
methylation status with corresponding mRNA expression levels [41]. 
The correlation between methylation pattern and mRNA expression 
level for the shortlisted gene was examined in the TCGA-HNSC dataset 
comprising 612 human samples.

Additionally, the genomic structure was obtained from the UCSC 
genome browser [43] including a chromosomal ideogram. The tran
scriptional start site (TSS), promoter, and enhancer regulatory sites were 
referenced from the NCBI database. The location of the TSS was also 
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confirmed using the KERO database [44]. This analysis allowed for 
precise mapping of the methylation sites in relation to the regulatory 
elements, providing insights into the potential impact of methylation 
patterns on gene expression.

3. Results

3.1. Screening of OSCC transcriptomic profiles

The systematic review of the NCBI GEO database revealed 393 OSCC 
transcriptomic profiles, which upon removal of duplication resulted in 
387 series records. Following the application of inclusion and exclusion 
criteria, six qualified microarray datasets (GSE3524, GSE156178, 
GSE23558, GSE78060, GSE9844, and GSE42743) were selected for the 
analysis (Fig. 2). These datasets were sourced from various institutions 
and microarray platforms (Table 1). The range of OSCC samples in each 
dataset, without and with lymph node metastasis, varied from 5 to 29 
(median 12.5) and from 6 to 42 (median 12), respectively. The pooled 
data comprised a total of 181 OSCC cases (81 without, and 100 with 
lymph nodal spread, respectively).

3.2. OSCC specific DEGs with Varying nodal status

The datasets were subjected to exploratory and pre-processing steps 
to ensure their compatibility for subsequent analysis (Supplementary 
Figs. 8a–f). The differential expression results across studies exhibited a 
wide range of significant genes (adj.p-value <0.05, LFC >1.5) showing 
up-regulation and down-regulation. In the case of OSCC-Nodal (− ) sta
tus: the median count of up-regulated genes was 40, with a range 
extending from 36 (GSE9844) to 269 (GSE156178), while the median 

count of down-regulated genes was 65 ranging from 28 (GSE9844) to 
760 (GSE156178). Similarly in the case of OSCC-Nodal (+) status: the 
median count of up-regulated genes was 110, with a range extending 
from 68 (GSE3524) to 817 (GSE156178), while the median count of 
down-regulated genes was 234, ranging from 122 (GSE3524) to 1068 
(GSE156178) (Table 2). At this stage, the differential analysis of 
GSE78060 for nodal negative status did not reveal any significant gene 
expression changes.

3.3. OSCC specific meta-analysis of DEGs with Varying nodal status

A random effect meta-analysis was performed across five datasets in 
the OSCC-Nodal (− ) group and six datasets in the OSCC-Nodal (+) 
group. The meta-analysis of OSCC-Nodal (− ) group revealed significant 
3480 DEGs in 4 or more datasets. Of these, 40 up- and 65 down- 
regulated genes met the criteria LFC >1.5 and adj.p-value <0.05. 
Similarly, the meta-analysis of DEG of OSCC-Nodal (+) group revealed 
5153 genes up- or down-regulated genes in 5 or more datasets. Of these, 
significant 76 up- and 95 down-regulated genes met the criteria of 
LFC >1.5 and adj.p-value <0.05 (Supplementary Tables 2 and 3). The 
complete list of MD-DEGs for negative and positive nodal status can be 
found in Supplementary Tables 9 and 10.

The PCA analysis performed to evaluate the overall DEG similarities 
between the individual datasets and meta-analysis conducted revealed: 
1) In the case of OSCC-Nodal (− ), the first principal component (PC1) 
accounted for 63.77 % of the total variance, while an additional 21.59 % 
of the variance was observed in the second principal component (PC2) 
2) In the case of OSCC-Nodal (+), the first principal component (PC1) 
accounted for 65.85 % of the total variance, while an additional 15.53 % 
of the variance was observed in the second principal component (PC2). 

Fig. 2. Screening of omics data to retrieve eligible OSCC transcriptomic profiles for Meta-analysis.
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At this point, the dataset GSE156178 exhibited a greater deviation along 
the PC1 axis in both the nodal negative and positive status. To assess the 
robustness of the analysis, a validation check was conducted. PCA was 
reanalysed excluding GSE156178, and the resulting Euclidean distance 
matrices before and after exclusion were visualized using an MDS plot. 
The overall structure was maintained (Supplementary Fig. 9a and b).

The meta-analysis dataset was approximately centred on the PC2 
axis in the PCA of both OSCC-Nodal (− ) and OSCC-Nodal (+), thus 
confirming the ’average’ representation of the individual datasets in the 
meta-analysis (Fig. 3).

The significant DEGs derived from meta-analysis of negative and 
positive nodal statuses were assigned ranks based on TopConfects 
approach. Specifically, in the lymph node-negative status, the highly 

ranked (R) upregulated genes among the top 10 positions included 
CXCL10 (R-18), AIM2 (R-20), PARP12 (R-27), and CXCL11 (R-29). 
Similarly, MMP10 (R-5), MMP3 (R-15), INHBA (R-17), and GSDME (R- 
25) were observed in lymph node-positive status. Additionally, MMP1, 
PTHLH, ISG15, MMP12, IFI6, and BST2 were observed in both positive 
and negative nodal statuses. In the case of highly ranked downregulated 
genes, RHCG (R-12) was observed in lymph node-negative status, while 
FAM3B (R-7) was observed in lymph node-positive status. Furthermore, 
MAL, TMPRSS11B, CRNN, KRT13, KRT4, TGM3, ENDOU, SPINK5, and 
SPINK7 were detected in both positive and negative nodal statuses 
(Table 3).

To assess the influence of each dataset on the results of the meta- 
analysis, forest plots were generated to compare the average LFC and 

Table 1 
Gene Expression Omnibus (GEO) datasets used for the Meta-analysis.

GEO series 
Accession 
number

Publication 
PMID

Total OSCC 
case samples 
(N)

Non-OSCC control 
samples (N)

OSCC- 
Nodal (− ) 
(N)

OSCC- 
Nodal (+) 
(N)

Biopsy location Array platform

GSE3524 15381369 14 4 7 7 Floor of mouth, Tongue, 
Vestibule, Maxilla, Mandible

Affymetrix Human Genome 
U133A Array

GSE156178 32895418 17 5 11 6 Gingiva, Tongue Illumina HiSeq 2500 (Homo 
sapiens)

GSE23558 22072328 27 4: Independent 
1: Pooled sample from 9 
other healthy donors

14 13 Gingivobuccal complex Agilent-014850 Whole Human 
Genome Microarray 4x44K 
G4112F

GSE78060 28977904 26 4 5 21 Tongue Affymetrix Human Genome 
U133 Plus 2.0 Array

GSE9844 18254958 26 12 15 11 Tongue Affymetrix Human Genome 
U133 Plus 2.0 Array

GSE42743 23319825 71 29 29 42 Oral Cavity Affymetrix Human Genome 
U133 Plus 2.0 Array

PMID: PubMed unique identifier; N: number of samples; OSCC-Nodal (− ): OSCC case group without lymph node metastasis; OSCC-Nodal (+): OSCC case group with 
lymph node metastasis.

Table 2 
Summary of differential gene expression analysis: OSCC Nodal status-based comparison.

GEO series 
Accession number

OSCC-Nodal (− ) significant DEGs OSCC-Nodal (+) significant DEGs

Up-regulated genes Down-regulated genes Total Up-regulated genes Down-regulated genes Total

GSE3524 40 33 73 68 122 190
GSE156178 269 760 1029 817 1068 1885
GSE23558 169 375 544 136 314 450
GSE78060 – – – 320 287 607
GSE9844 36 28 64 84 143 227
GSE42743 40 65 105 83 181 264

OSCC-Nodal (− ): OSCC case group without lymph node metastasis; OSCC-Nodal (+): OSCC case group with lymph node metastasis; Significant DEGs (Differentially 
expressed genes): genes satisfying log2 fold change >1.5 and adj.p-value <0.05.

Fig. 3. Principal component analysis (PCA) of the datasets, based on log2 fold change of all the differentially expressed genes in Oral squamous cell carcinoma 
(OSCC). The plot shows the first principal component (PC1) and the second principal component (PC2) with the percentages indicating the variance explained by 
each component. a) OSCC-Nodal (− ) Meta-analysis, Meta-N represents the meta-analysis of nodal negative status of datasets b) OSCC-Nodal (+) Meta-analysis, Meta- 
P represents the meta-analysis of nodal positive status of datasets.
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corresponding confidence intervals. The generated plot of the highest- 
ranked up- and down-regulated MD-DEGs common to both nodal posi
tive and negative status are shown in Fig. 4.

3.4. Over-represented functions based on nodal status

ORA on the set of nodal negative OSCC DEGs identified through 
meta-analysis were associated with several biological processes, 
including responses to environmental stimuli like UV radiation, immune 
dysregulation such as interferon signalling, keratinocyte proliferation, 
and cellular responses to inflammatory cues like angiotensin were 
observed. These processes reflect potential mechanisms underlying the 
initiation of tumorigenesis in the initial stages (Supplementary Fig. 1
and Supplementary Table 5).

On the other hand, nodal positive DEGs revealed an enriched bio
logical function related to wound healing, tissue remodelling, develop
ment & differentiation pathways, cell adhesion, migration, 
angiogenesis, and morphogenesis in the case of positive nodal status. 
These functions can be correlated to complex immune modulation 
processes, including positive regulation of leukocyte chemotaxis and 
regulation of inflammatory response, suggesting the tumour’s ability to 
evade immune detection and create a favourable microenvironment 
(Supplementary Fig. 3 and Supplementary Table 7).

Alongside, discernible processes such as cellular functions and 
regulation, such as apoptotic signalling, protein maturation, response to 
lipopolysaccharide, and chemokine were enriched in both nodal positive 
and nodal negative statuses, suggesting their fundamental role in oral 
tumour biology and immune response.

KEGG over-representation analysis revealed 18 pathways in nodal 
negative and 15 in the nodal positive status of the DEG sets. Among these 
the most prominent, ‘Immune related pathways’ [IL-17 signalling 
pathway, Cytokine-cytokine receptor interaction, TNF signalling 
pathway]; Estrogen signalling pathway; Chemical carcinogenesis - DNA 
adducts and Infection-Related Pathways were observed in both condi
tions (Supplementary Figs. 2 and 4, Supplementary Tables 6 and 8).

3.5. PPI: hub genes underling OSCC progression

The PPI network constructed with input of MD-DEGs of nodal sta
tuses revealed a network with 147 nodes and 1362 edges 
(Supplementary Fig. 5). The top three hub genes with the highest nodal 
degree (ND) in the specific subnetworks were: Nodal (− ) PPI: CXCL1 
(ND 46), GBP1 (ND 44), RTP4 (ND 42); Nodal (±)) PPI: CXCL10 (ND 
76), MMP9 (ND 66), CXCL11 (ND 60); and Nodal (+) PPI: FN1 (ND 82), 
SERPINE1 (ND 50), IFI35 (ND 48) (Supplementary Table 4). The top 
three hub genes of each sub-network were considered to play a signifi
cant role in crosstalk across the early, intermediary, and advanced stages 
of the disease.

3.6. Potential genes underpinning the aggression nexus of OSCC

DMRs associated with OSCC recurrence were retrieved from the 
published literature by Sorroche et al. [20]. The DMRs meeting statis
tical False Discovery Rate <5 % were selected for intersection analysis 
with significant MD-DEGs from the current analysis of the OSCC-Nodal 
(+) group. The intersection revealed down-regulated genes CGNL1, 
MEIS1, GRHL3, and CFD.

The common genes were evaluated for potential prognostic clinical 
relevance through RFS and OS analysis using the Kaplan-Meier Plotter 
database. Among the genes analysed, only MEIS1 consistently exhibited 
a significant association, where low expression correlating with high 
risk of recurrence (HR = 0.45 and logrank P < 0.03) and worse OS 
outcomes compared to its high expression (Fig. 5 and Supplementary 
Fig. 6). Accordingly, MEIS1 was shortlisted as a candidate gene for 
further examination (Supplementary Table 1).

A total of 310 patient sample data of oral cavity sites in the GDC 
TCGA HNSC cohort were selected for validation processes using the 
UCSC Xena database (Fig. 6a). The Comparison of mRNA expression 
levels between normal and cancerous states revealed significant differ
ence in the MEIS1 expression (down-regulated, p = 5.08E-06) (Fig. 6b) 

Table 3 
Top 10 up-regulated and down-regulated differentially expressed genes associ
ated with nodal-negative and nodal-positive status, as identified by an OSCC 
meta-analysis using the TopConfects ranking approach.

Up-regulated expression Down-regulated expression

Gene 
Symbol

LFC (95 % 
CI)

adj.p- 
value

Gene 
Symbol

LFC (95 % CI) adj.p- 
value

Rank order of OSCC-Nodal (− ) genes derived from Meta-analysis

MMP1 4.946 
(3.71, 
6.18)

1.91E- 
04

TMPRSS11B − 5.512 
(− 6.63, 
− 4.38)

3.40E- 
09

ISG15 2.473 
(2.03, 
2.90)

7.67E- 
05

CRNN − 4.838 (5.91, 
− 3.75)

6.01E- 
07

BST2 2.306 
(1.59, 
3.01)

4.84E- 
03

MAL − 5.437 
(− 7.02, 
− 3.85)

1.20E- 
09

CXCL10 2.707 
(1.63, 
3.78)

1.72E- 
05

ENDOU − 3.64 
(− 4.38, 
− 2.89)

9.10E- 
09

PTHLH 2.631 
(1.60, 
3.65)

5.05E- 
08

KRT13 − 4.069 
(− 5.18, 
− 2.95)

1.00E- 
09

AIM2 1.848 
1.47, 2.22)

2.08E- 
05

TGM3 − 4.04 
(− 5.24, 
− 2.83)

2.00E- 
10

MMP12 2.262 
(1.46, 
3.05)

1.19E- 
03

SPINK7 − 3.533 
(− 4.75, 
− 2.30)

7.10E- 
09

PARP12 1.664 
(1.38, 
1.94)

2.11E- 
04

SPINK5 − 3.003 
(− 4.02, 
− 1.98)

1.27E- 
07

CXCL11 2.066 
(1.41, 
2.71)

8.03E- 
07

KRT4 − 3.949 
(− 5.69, − 2.2)

3.00E- 
03

IFI6 2.138 
(1.41, 
2.86)

5.43E- 
05

RHCG − 2.594 
(− 3.32, 
− 1.86)

6.07E- 
05

Rank order of OSCC-Nodal (+) genes derived from Meta-analysis

MMP1 5.899 
(4.80, 
6.99)

7.28E- 
05

MAL − 5.815 
(− 6.89, 
− 4.73)

4.21E- 
05

MMP10 4.176 
(3.52, 
4.82)

3.10E- 
05

TMPRSS11B − 5.898 
(− 7.15, 
− 4.64)

3.29E- 
06

PTHLH 3.56 (2.81, 
4.30)

3.19E- 
06

CRNN − 5.487 
(− 6.53, 
− 4.44)

4.39E- 
07

ISG15 2.827 
(2.24, 
3.40)

3.19E- 
05

KRT13 − 4.929 
(− 6.35, 
− 3.50)

2.19E- 
05

MMP12 3.091 
(2.29, 
3.88)

3.28E- 
06

FAM3B − 4.564 
(− 5.99, 
− 3.13)

4.71E- 
06

MMP3 3.759 
(2.42, 
5.09)

9.39E- 
06

KRT4 − 4.356 
(− 5.70, 
− 3.00)

1.90E- 
05

INHBA 3.353 
(2.25, 
4.44)

4.18E- 
06

TGM3 − 4.555 
(− 6.13, 
− 2.98)

3.10E- 
06

IFI6 2.554 
(1.85, 
3.25)

7.38E- 
06

ENDOU − 3.443 
(− 4.27, 
− 2.61)

3.40E- 
06

GSDME 2.058 
(1.65, 
2.46)

3.88E- 
06

SPINK5 − 3.595 
(− 4.56, 
− 2.62)

2.93E- 
05

BST2 2.247 
(1.67, 
2.82)

2.89E- 
06

SPINK7 − 3.577 
(− 4.82, 
− 2.32)

4.90E- 
06
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along with a notable difference in methylation status (hypermethylated) 
at CpG sites associated with OSCC recurrence (Fig. 6c). These observa
tions on MEIS1 made from database were corroborated by its expression 
pattern (down-regulated, LFC -1.503, adj.p-val 4.40E-06) derived from 
the current OSCC-Nodal (+) meta-analysis and the methylation profile 
of the CpG sites associated with recurrence (hypermethylation, mean
betafc 0.08109) retrieved from the literature Sorroche et al. [20] 
(Supplementary Table 1). Furthermore, examination of the genomic 
locations of MEIS1 (NM_002398, TSS: 66435125) using the UCSC 
Genome Browser revealed a hypermethylation pattern in the upstream 
region, particularly at the LOC111258520 enhancer (NC_000002.12), 
which is located upstream of the promoter at the CpG sites: cg14775296 
and cg06833110 (Fig. 6d).

3.7. Correlation between methylation patterns and mRNA expression of 
MEIS1

To examine the correlation between DNA methylation patterns and 
MEIS1 expression, we used the MEXPRESS database. Analysis of the 
TCGA-HNSC cohort, comprising 612 human samples, revealed a nega
tive Pearson correlation between MEIS1 mRNA expression and the 

methylation status of CpG sites within the LOC111258520 enhancer 
region, as well as OSCC recurrence associated CpG sites (Supplementary 
Fig. 7).

4. Discussion

The meta-analysis of six publicly available transcriptomic profiles 
from multiple studies, encompassing nodal positive and nodal negative 
statuses in OSCC, was performed.

The integration of multiple datasets resulted in a substantial 
augmentation of the overall sample size, increasing it by 6.48 and 8.3 
times from the median of individual OSCC nodal negative and positive 
dataset samples, respectively. This consolidative strategy enhanced the 
sample size leading to a more robust identification of significant up- or 
down-regulated DEGs within the meta-analysis framework, despite 
certain datasets displaying a minimal alteration in gene expression 
profiles. This resulted in the identification of 105 significant MD-DEGs in 
the nodal negative status and 171 significant MD-DEGs in the nodal 
positive status.

Furthermore, this comprehensive dataset amalgamation signifi
cantly diminished the risk of type-1 errors, which are often encountered 

Fig. 4. Panels a and b illustrate forest plots for the highest-ranked upregulated (MMP1) and (TMPRSS11B) downregulated genes derived from the meta-analysis of 
nodal-negative OSCC DEGs. Similarly, panels c and d depict highest-ranked upregulated (MMP1) and downregulated (TMPRSS11B) genes derived from the meta- 
analysis of nodal-positive OSCC DEGs. Each plot illustrates the log2 fold changes for individual genes across specific datasets and the aggregated.
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when a gene is identified in a single dataset but not corroborated across 
others. The increased statistical power and reduction in false positives 
underscore the critical advantage of utilizing an aggregated strategy.

By adopting a series of analysis this study identified gene expression 
patterns involved in the disease progression. MD-DEGs were ranked 
using Topconfects, which prioritizes biologically significant genes by 
focusing on the confidence bounds of LFC, thus providing greater rele
vance compared to traditional p-value-based methods. The top 10 
ranked up- and down-regulated genes were selected to delineate the 
molecular landscape of the disease. In the list, genes displaying signifi
cance in the nodal-negative state defined the early stage, while genes 
common to both nodal-negative and nodal-positive states marked the 
transition phase. Genes that are evident in the nodal-positive state were 
linked to the advanced stage. This framework was further supported by 
PPI analysis of MD-DEGs, which revealed critical hub genes involved in 
cellular crosstalk driving disease progression. The top three hub genes 
from each subnetwork were predicted to play key roles in early, tran
sitional, and advanced stages. Additionally, ORA supported the biolog
ical differences between the nodal-positive and nodal-negative states 
(Fig. 7).

4.1. Early stage: molecular landscape of nodal negative status

A key event in the early phase of the disease is the upregulation of 
pro-inflammatory cytokines, such as CXCL1 (ND: 46), which signifi
cantly influences the interaction between tumour cells and the host 
microenvironment [45]. CXCL1 influences the growth of preneoplastic 
and malignant epithelial cells by facilitating the conversion of NOFs to 
CAFs through an autocrine mechanism. CAFs, characterized by their 
senescent fibroblasts, play a crucial role in promoting tumour progres
sion [46]. Similarly, high ranked interferon-inducible cytokines in nodal 
negative status, such as CXCL10 (R-18) and CXCL11 (R-29) also 
contribute to progression of OSCC [47]. The initial phase of cancer 
development, marked by a surge in cytokines, transitions to a more 
advanced cancer state through the modulation of GBP1 (ND: 44) (gua
nylate binding protein 1) expression. The functional role of GBP1 in 
cancer is context-dependent on type of malignancy; however, our 
analysis reveals an elevated expression of GBP1, which is consistent with 
findings reported in HNSC [48].

Furthermore, the involvement of inflammasomes introduces addi
tional complexity to the tumour microenvironment. We observed 
increased expression of AIM2 (R-20), which, in conjunction with IFI16 

Fig. 5. Kaplan-Meier relapse free survival analysis of independent HNSC cohort: Assessment of a) CGNL1 b) MEIS1 c) GRHL3 d) CFD down-regulated OSCC lymph 
node metastatic genes with its potential association with recurrence.
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(interferon gamma-inducible protein 16), forms a regulatory network 
that enhances malignant cell proliferation. This AIM2-IFI16 interaction 
facilitates the activation of the NF-κB signalling pathway, leading to the 
inhibition of apoptosis and thereby promoting tumour cell survival and 
progression [49]. The expression of PARP12 and RTDH were found to be 
dysregulated and are in alignment to previous study reports [50,51].

4.2. Intermediary stage: molecular landscape of the transitory phase to 
nodal positive status

As disease advances, established tumour cells coordinate diverse 
molecular pathways to promote a conducive microenvironment for an 
aggressive invasive front. The current analysis revealed that the ma
jority of MD-DEGs of nodal negative status i.e., 92 out of 105 genes were 
observed to be transitioned into nodal metastatic status. Herein, the top- 
ranked genes inclusive of MMP1, PTHLH, ISG15, MMP12, and IF16; 
BST2 common between the nodal positive and negative status were 
considered to play an intermediatory role in the disease progression. 
Intriguingly, their expression change (LFC) increased during the tran
sition from negative to positive status, indicating a potential correlation 
with cancer progression.

The intricate interplay of interferon signalling is prominently 

highlighted by the observed ectopic expressions of interferon-stimulated 
genes (ISGs) such as ISG15 and IF16 in the current analysis. ISG over
expression is positively correlated with enhanced expression of EGFR, 
initiating the processes of proliferation, invasion, and metastasis [52].

Further to add, the epithelial-mesenchymal transition (EMT) process 
signifies the transition to the metastatic stage by enhancing the mobility 
and invasiveness of the tumour cells. We observed altered gene 
expression related to extracellular matrix proteins (MMP) such as MMP- 
1, MMP-12, and MMP-9 within this intermediary category. The 
increased expression of MMPs leads to ECM degradation, initiating a 
significant alteration in cell phenotype as cells undergo EMT. Interest
ingly, our identification of MMP-9 in this context aligns, with its 
established role in promoting the formation of a pre-metastatic setting. 
MMP-9 also serves as a recognized marker of advanced disease stages 
[53].

The expression of other tumour modulators such as PTHLH and BST2 
was also observed. Importantly, the regulation of the BST2 promoter is 
recognized to be mediated by the transcription factor STAT1. This 
STAT1/BST2 axis may modulate OSCC behaviour with its influence on 
AKT/ERK1/2 signalling pathway [54]. The abnormal expression of 
PTHLH has been reported to increase the key cell cycle regulators, 
including CCNA2, CCNE2, and CDC25A in HNSC [55].

Fig. 6. Evaluation of the expression and methylation profiles of MEIS1 in OSCC: a) Selection of patient sample data related to oral cavity sites from GDC TCGA HNSC 
cohort in UCSC Xena database b) Comparison of the MEIS1 expression profile between normal tissue and OSCC patient samples c) Comparison of the MEIS1 
methylation profile between normal and OSCC patient samples; red underscores denotes CpG sites associated with recurrence derived from literature Sorroche et al. 
[20], and green underscores indicates CpG sites associated with enhancer regulatory element d) Genomic locations of MEIS1 from the UCSC Genome Browser, 
including the chromosomal ideogram; the red line indicates the position of MEIS1 on chromosome 2, with the RefSeq gene map depicted by blue lines and bars; the 
red arrow denotes the transcription start site (TSS); recurrence-associated CpG regions are represented by red bar and enhancer regulatory element CpG regions are 
indicated by green bar.
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Taken together, these modifications with significantly down
regulated tumour suppressor genes develop a pre-metastatic niche that 
fosters an environment suitable for tumour seeding, and survival and 
expansion of metastatic cells.

4.3. Advanced stage: molecular landscape of nodal positive status

The commencement of the positive nodal metastatic phase is char
acterized by the migration of tumour cells. This migration is facilitated 
by the pre-metastatic niche, guided by the chemotactic gradient of 
chemokines within the tissue towards the sentinel lymph nodes [56]. 
The persistent involvement of MMP proteins throughout both the 
intermediary and advanced stages of the disease was evident in the 
current analysis. Herein, the highly ranked, upregulated genes MMP10 
(R-5) and MMP3 (R-15) in nodal positive status profoundly impact the 
EMT process, thereby playing a key role in disease progression. 
Furthermore, the overexpression of MMP10 has been demonstrated to 
trigger the activation of AXL (receptor tyrosine kinase) downstream 
signalling molecules, including AKT, mTOR, and NF-κB. This upregu
lates the EMT process, resulting in increased cellular motility and sub
sequent lymph node metastasis [57].

The advanced stage of the disease was further characterized by the 
upregulation of several key proteins. Notably, the multifunctional 
cytokine inhibin subunit beta A (INHBA) (R-17), which is associated 
with TGF-β, exhibited increased expression. INHBA has been reported as 
a prognostic biomarker in HNSC, particularly in advanced stages [58].

Additionally, the upregulation of Interferon-Induced Protein 35 
(IFI35) was observed. IFI35 (ND 48), known for its role in immune 
response modulation and regulation of interferon signalling, further 
underscores the complexity of the disease progression.

Accumulated genetic and epigenetic alteration in the tumour cells 
with disease progression can further dysregulate the pathways that form 
the hallmark of a mature tumour progressing towards metastasis. 
Another primary feature characterizing nodal positive status was the 
increased expression of fibronectin 1 (FN1). FN1 (ND 82) is a known 
promoter of the EMT process and is implicated in lymphangiogenesis, 

potentially through vascular endothelial growth factor-C (VEGF-C) [59]. 
Notably, we also observed a concurrent upregulation of VEGF-C 
expression in conjunction with FN1.

Gasdermin E (GSDME) (R-27), a key executor protein of pyroptosis, 
was found to be dysregulated in this study. Contrary to the findings 
reported by Wang et al. [60], we observed an upregulation of GSDME in 
with positive nodal status. Additionally, the expression intensity of the 
serine protease inhibitor SERPINE1(ND 50) was found to be increased. 
Elevated levels of SERPINE1 at the tumour-advancing front are known 
to correlate with greater disease aggressiveness [61]. These findings 
suggest a significant association between high SERPINE1 expression and 
the aggressive, nodal-positive nature of OSCC.

In sum, these traits serve as main conduits for lymph node 
metastasis.

Herein, the ranking analysis identified MMP1 as the highest-ranked 
upregulated gene, exhibiting a LFC of 4.946 (95 % CI: 3.71, 6.18) in 
nodal-negative samples, with a further increase to 5.899 (95 % CI: 4.80, 
6.99) in nodal-positive samples, suggesting its persistent elevation 
across disease states. In parallel, TMPRSS11B was significantly down
regulated, with an LFC of − 5.512 (95 % CI: − 6.63, − 4.38) in nodal- 
negative samples and − 5.898 (95 % CI: − 7.15, − 4.64) in nodal- 
positive status. These findings highlight their potential as biomarkers, 
reinforcing their relevance in OSCC progression.

4.4. Findings on aggression nexus related to metastasis and recurrence of 
OSCC

Aberrant gene methylation has been acknowledged as a significant 
factor in cancer recurrence across diverse malignancies. This epigenetic 
modification can result in the silencing of tumour suppressor genes and 
the activation of oncogenes, thereby facilitating cancer progression and 
relapse [62].

To identify genes with altered expression and epigenetic regulation 
associated with lymph node metastasis and recurrence in OSCC, an 
intersection analysis was performed between current MD-DEG OSCC 
nodal (+) and the literature-derived DMRs associated with OSCC 

Fig. 7. Multistage progression of oral squamous cell carcinoma (OSCC). The progression of OSCC is characterized by a sequence of molecular and cellular changes 
within the oral epithelium, influenced by environmental factors like tobacco and infection. In the early stage, pro-inflammatory cytokines (e.g., CXCL1, CXCL10, 
CXCL11) are upregulated, driving the conversion of normal fibroblasts into cancer-associated fibroblasts (CAFs) and creating a tumour-promotive environment. As 
the disease progresses into the intermediary stage, interferon-stimulated genes (e.g., ISG15, IF16) and signalling pathways (e.g., EGFR, AKT/ERK1/2) are activated, 
facilitating tumour cell proliferation, invasion, and the establishment of a pre-metastatic niche through extracellular matrix degradation and EMT. In the advanced 
stage, further accumulation of genetic mutations and epigenetic alterations drives aggressive cancer behaviour, including lymph node metastasis, mediated by 
upregulated factors like SERPINE1, INHBA, and VEGFC. The tumour microenvironment evolves to support malignancy, characterized by dysfunctional immune 
responses and continuous remodelling of the ECM, which facilitates tumour seeding and metastasis. EMT epithelial-mesenchymal transition, CAF cancer-associated 
fibroblast, ECM extracellular matrix.
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recurrence.
This revealed a panel of DEGs with aberrant methylation profile 

including CGNL1, MEIS1, GRHL3 and CFD. Following validation and 
assessments in external dataset, MEIS1 was identified as a candidate 
nodal metastatic gene characterized by hypo-expression. Examination of 
the methylation status in the TCGA-HNSC cohort revealed a significant 
hypermethylation pattern, particularly in the upstream promoter re
gions of the gene. Notably, an inverse correlation was observed between 
this hypermethylation and gene expression at the regulatory enhancer 
region. Moreover, a significant association of lower MEIS1 expression 
with unfavourable RFS and OS, in conjunction with comparable 
hypermethylation of CpG sites associated with OSCC recurrence state, 
indicates a complex role of MEIS1 in both metastatic processes and the 
recurrence of OSCC.

MEIS1 is a member of TALE (3-amino-acid loop extension) family of 
homeodomain transcription factors (TF), which interacts with Hox 
transcription factors involved in regulating developmental processes 
and maintaining tissue differentiation [63]. MEIS1 encompasses a large 
genomic region, with the majority consisting of non-coding sequences. 
This structure accommodates the possibility of multiple interacting 
cis-regulatory elements that govern its expression. The findings of Xiang 
et al. demonstrate the importance of regulatory roles of both the pro
moter and enhancer regions in MEIS1 transcription in Acute Myeloid 
Leukemia (AML). The authors demonstrated that the loss of specific 
enhancer regions, particularly within intron 6, resulted in a marked 
reduction in MEIS1 expression. Furthermore, FLI1, an ETS family tran
scription factor, was shown to facilitate chromatin looping between 
enhancers. Additionally, a stronger interaction between the distant 
downstream enhancers E2 or E3 and the promoter region was shown to 
increase MEIS1 transcription [64,65].

Any aberrant expression of MEIS1 has been implicated in various 
cancers and is context dependent. The present analysis reveals the hypo- 
expression and hypermethylation patterns of MEIS1 in OSCC, which is in 
similar lines with findings in other malignancies, including renal cell 
carcinoma and non-small-cell lung cancer [66,67]. Moreover, in pros
tate cancer, epigenetic silencing through promoter hypermethylation 
has been associated with a stepwise reduction in MEIS1 expression, from 
benign tissue to localized disease, with an additional decline observed in 
metastatic conditions [68]. Moreover, its abnormal expression is asso
ciated with transcriptional misregulation, which facilitates tumorigen
esis and enhances tumour aggressiveness [69]. In contrast, studies on 
AML have shown that mutations in DNA methyltransferase 3A 
(DNMT3A) lead to MEIS1 hypomethylation, which drives its over
expression and promotes leukemogenesis [70]. Overall, these findings 
underscore the intricate epigenetic regulation of MEIS1 and its rele
vance in tumor progression.

Metastasis and recurrence are two facets of a common nexus that 
drive the aggressiveness of the cancer. The evolutionary trajectory of 
cancer cells is facilitated by various factors, including genetic mutations, 
dysregulated pathways, and the tumor microenvironment. Among these, 
transcription factors (TFs) play a vital role in cell reprogramming, 
including EMT, through their interaction with various signalling path
ways. This reprogramming not only enhances tumour plasticity and 
invasiveness but also sustains cancer stem cell (CSC) properties. By 
preserving pluripotency and self-renewal, it supports metastasis- 
initiating cells and fosters an invasive niche. The slow-proliferating 
nature and dormant behaviour of CSCs enable them to withstand anti
cancer therapy and are thought to give rise to minimal residual disease 
(MRD). These cells can persist in an undetectable state for years or even 
decades, eventually reactivating under favourable conditions to drive 
tumour recurrence [71–73].

To the best of our knowledge, this transcriptomic meta-analysis with 
cumulative evidence presents the first investigation into the nexus of 
aggression involving recurrence and metastasis in OSCC. The analysis 
demonstrates the downregulated and aberrant methylation patterns of 
MEIS1 a homeobox TF, in lymph node metastasis and disease 

recurrence, indicating its involvement in promoting OSCC aggressive
ness. It is evident that MEIS1 silencing suppresses key CDK inhibitors, 
Cdkn1a (p21) and Arf (p14ARF), in lung cancer cell lines, potentially 
leading to increased CDK activity. This dysregulation of cell cycle reg
ulators, known for their role in modulating cancer stemness, may 
contribute progression of the disease [74]. Given its significance in 
OSCC, MEIS1 has substantial potential as a prognostic and therapeutic 
biomarker, meriting further investigation and attention. Homeobox 
genes, known for their role in tumorigenesis, have been widely recog
nized as promising biomarkers for cancer diagnosis, prognosis, and 
therapy such as bladder cancer. In this context, studies on MEIS1 as a 
methylation marker and expression signature, alongside other homeo
box genes, have demonstrated predictive models with accuracies of up 
to 97 % in various malignancies. Intriguingly, its expression has also 
been linked to immune checkpoints such as PD-L1 and PD-L2, suggesting 
a potential role in predicting therapy responses [75].

5. Conclusion

In summary, this study presents a comprehensive meta-analysis of 
independent gene expression datasets, offering valuable insights into 
disease progression and highlighting the reliability of genes associated 
with lymph node status. The study identifies MEIS1 within the nexus of 
OSCC aggressiveness as a shared determinant of lymph node metastasis 
and recurrence. While these findings highlight its prognostic relevance, 
further functional studies by in-vitro and in-vivo experiments are war
ranted to confirm its role in imparting OSCC aggressiveness.
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