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Abstract
Background  Aberrant miRNA expression has been associated with cervical cancer (CC) progression. The present study 
aimed to identify the miRNA clusters (MCs) altered in CC, identify their clinical utility, and understand their biological 
functions via computational analysis.
Methods  We used small RNA sequencing and qRT‒PCR to identify and validate abnormally expressed MCs in cervical 
squamous cell carcinoma (CSCC) samples. We compared our data with publicly available CC datasets to identify the dif-
ferentially expressed MCs in CC. The potential targets, pathways, biological functions, and clinical utility of abnormally 
expressed MCs were predicted via several computational tools.
Results  Small RNA sequencing revealed that 229 miRNAs belonging to 48 MCs were significantly differentially expressed 
in CSCC (p-value ≤ 0.05). Validation by qRT‒PCR confirmed the downregulation of members of the miR-379/656, namely, 
hsa-miR-376c-3p (2.8-fold; p-value 0.03), hsa-miR-494-3p (3.4-fold; p-value 0.02), hsa-miR-495-3p (eightfold; p-value 0.01), 
and hsa-miR-409-3p (fivefold; p-value 0.03), in CSCC samples compared with normal samples. The prognostic model 
generated via miRNA expression and random forest analysis showed robust sensitivity and specificity (0.88 to 0.92) in 
predicting overall survival. In addition, we report 22 prognostically important miRNAs in CC. Pathway analysis revealed 
the enrichment of several cancer-related pathways, notably p53, the cell cycle, viral infection and MAPK signalling. 
CDC25A, CCNE1, E2F1, CCNE2, RBL1, E2F3, CDK2, RBL2, E2F2 and CCND2 were identified as the top ten gene targets of MC. 
Drug‒gene interaction analysis revealed enrichment of 548 approved drugs and 62 unique genes.
Conclusion  Our study identified MCs, their target genes, their prognostic utility, and their potential functions in CC and 
recommended their usefulness in CC management.
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1  Introduction

Cervical cancer (CC) was responsible for approximately 604,000 new cases and 342,000 deaths in 2020 [1]. (Epi)
genetic abnormalities and infection with high-risk human papillomavirus (hr-HPV) are the key risk factors for CC. 
Overall, China and India account for more than one-third of all CC cases worldwide [2]. The global age-standardized 
incidence (ASI) and mortality (ASM) rates for CC are approximately 13.1 and 6.9 per 100,000 women, respectively [3]. 
However, the ASI rates and ASM rates in India due to CC are 14.7 and 9.2 per 100,000 women, respectively. For local-
ized, regional, and distant diseases, the 5-year overall survival rates are 92%, 58%, and 18%, respectively [3]. Hence, 
there is a need to understand CC at the molecular level [4].

Pap smear analysis, HPV typing and visual inspection with acetic acid are routinely used for screening CC [5]. Some 
studies have recommended the use of squamous cell carcinoma antigen (SCC-Ag), cancer antigen 125 (CA-125), car-
cinoembryonic antigen (CEA), cancer antigen 19-9 (CA 19-9), and cytokeratin 19 fragment antigen 21-1 (CYFRA 21-1) 
for CC screening in clinical settings [6]. Unfortunately, these techniques have either poor specificity or sensitivity. For 
example, the Pap test may yield false-negative results and is reported to have low sensitivity [7]. Furthermore, testing 
positive for HPV does not indicate CC, and 20% of patients screened solely with HPV testing are misdiagnosed [8]. 
The combined use of HPV and Pap testing has been reported to improve the sensitivity and specificity for detecting 
CC [9]. Thus, molecular analysis may help overcome the problems associated with current CC screening methods by 
providing more sensitive biomarkers.

Genome-wide studies have revealed that genomic and epigenomic changes may be responsible for tumorigen-
esis [10]. Validation and functional analyses of the findings from genome-wide studies have revealed the utility of 
molecular changes as diagnostic and prognostic markers for CC [11]. It is now well accepted that microRNAs (miRNAs) 
are critical for regulating gene expression. We and others have shown that miRNAs are often abnormally expressed 
in CC and have the potential to be used in the clinical management of CC [12]. The human genome contains miRNA 
groups known as miRNA clusters [13]. A miRNA cluster (i) contains two or more individual miRNA-encoding genes 
regulated by a single promoter or regulator unit, (ii) shows co-expression and (iii) is transcribed in the same orienta-
tion. Furthermore, the members of the miRNA cluster target the same gene or different genes belonging to the same 
pathway. According to miRbase, the human genome contains 159 miRNA clusters [14]. Given that miRNA clusters 
hosts many miRNA-encoding genes, their biological impact is anticipated to be greater than that of individual miRNAs 
[15]. However, the regulation, biological function, and mechanism of abnormal expression of large miRNA clusters 
and their contributions to tumorigenesis are poorly known.

Aberrant miRNA expression is reported during the development and progression of CC. Unfortunately, we do 
not know the complete set of miRNA clusters altered in CC. In this pilot study, we aimed to identify differentially 
expressed miRNA clusters in CC patients, construct a miRNA cluster-target gene network, and understand their 
biological function via an in-silico approach. In this study, we performed small RNA sequencing in freshly collected 
normal and cervical squamous cell carcinoma tissues (CSCC) to identify differentially expressed miRNAs. The differ-
entially expressed miRNAs are annotated to miRNA clusters. We compared our data with The Cancer Genome Atlas 
(TCGA) and Gene Expression Omnibus (GEO) datasets to identify the commonly altered miRNA clusters in CC. We 
constructed a prognostic model using the abnormally expressed miRNA clusters, built a protein‒protein interaction 
network of miRNA cluster target genes, and identified the hub genes. Additionally, we performed functional and 
pathway enrichment analyses and drug‒gene interaction analyses. Overall, our study identified several known and 
novel miRNA clusters with potential for CC management.

2 � Materials and methods

2.1 � Sample collection

In the present study, 21 normal cervical epithelium (NCE) samples and 21 cervical squamous cell carcinoma (CSCC) 
samples were retrospectively collected. The study was approved by the Institutional Ethical Committee at Kasturba 
Hospital, Manipal (IEC763/2016), and conducted in accordance with the principles of the Declaration of Helsinki. 
Written informed consent was obtained from all participants prior to sample collection. CSCC tissues were collected 
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via punch biopsy. The CSCC samples with over 80% tumor cells according to histopathological examination by an 
experienced pathologist were included only in the study. Exfoliative cytology samples collected via a cytobrush 
from healthy women undergoing routine cervical examination at Kasturba Medical College, Manipal, were used 
as NCEs. The NCE samples included in the study were age-matched with no previous history of any cancer. Newly 
diagnosed and freshly operated cervical tissue samples were collected in sterile vials. The study excluded patients 
who had received any pre-surgery treatment [12]. Samples were collected between December 2016 and December 
2021 from the Departments of Radiotherapy and Oncology and Obstetrics and Gynaecology at Kasturba Medical 
College, Manipal, India.

2.2 � Nucleic acid extraction

We isolated DNA and total RNA via the Genomic DNA Purification Kit (HiMedia, India) and mirVana Total RNA isolation 
Kit (Thermo Fisher Scientific, USA). The extracted DNA and RNA were stored at − 20 °C and − 80 °C [12]. We evaluated 
the quality and quantity of the DNA via agarose gel electrophoresis and a Nanodrop spectrophotometer (Thermo Fisher 
Scientific, USA). We assessed the quantity of total RNA via a Qubit fluorometer (Thermo Fisher Scientific, USA). We used 
an RNA-6000 nanochip and Bioanalyzer machine (Agilent Technologies, USA) to test the quality and integrity of the RNA. 
Samples with an RNA integrity number (RIN) > 7 were taken for small RNAsequencing as published earlier [12].

2.3 � HPV testing

We conducted nested PCR using PGMY09/PGMY11 and GP5+/GP6+ to detect the presence of HPV in the samples. A PCR 
showing a 450 bp band for PGMY09/PGMY11 primers and a 150 bp band for GP5+/GP6+ were considered positive for 
HPV. The PCRs included 100 ng of DNA, 200 nM each primer, 100 nM dNTPs, 1 U/µL Taq DNA polymerase, and PCR buffer 
containing 2.5 mM MgCl2. The primers and PCR cycles used were described previously [16]. We used PCR for the beta-
globin gene as an internal control. DNA from a cervical cancer cell line (SiHa) served as a positive control.

2.4 � Small RNA sequencing

Total RNA isolated from NCE and CSCC (n = 11 each) was sequenced according to our previously published small RNA 
sequencing workflow [12]. Briefly, small RNAs were enriched from total RNA via a Total RNA-Seq Kit v2. The quality and 
quantity of the enriched small RNAs were measured via an Agilent® small RNA kit in a 2100 Bioanalyzer instrument (Agi-
lent Technologies, USA). After barcoding via the Ion Xpress™ RNA-Seq Barcode 1–16 Kit, the samples were sequenced by 
generating sequencing templates via the Ion OneTouch™ 2 system and Ion OneTouch™ ES. We used a P1™ chip and Ion 
Proton system™ (Thermo Fisher Scientific, USA) for sequencing. Small RNA sequencing was performed without duplicate 
samples. All sequencing reagents were procured from Thermo Fisher Scientific, USA [12].

2.5 � MiRNA data analysis

Torrent SuiteTM software was initially used to process the raw data. Preprocessing, alignment, and identification of dif-
ferentially expressed miRNAs were carried out via the CAP-miRSeq pipeline [17]. We used the DESeq2 package in R and 
applied a false discovery rate (FDR) correction to adjust for multiple comparisons. We considered miRNAs to be differen-
tially expressed if LogFC (log2fold change) >  + 1 and < − 1 with an FDR threshold of 0.05, p < 0.05 and a minimum average 
number of reads of 20. We used the Benjamini–Hochberg false discovery rate (FDR) with a 5% alpha level for raw p-value 
correction. This threshold ensures that the control over the expected proportion of false positives is less than 5%. This 
FDR correction was applied to account for multiple testing and enhance the robustness of our findings by identifying 
differentially expressed miRNA clusters.

2.6 � Identification of miRNA clusters

MiRNA counts were first normalized, log2-transformed, and then assigned to the miRNA cluster by comparing the indi-
vidual differentially expressed miRNAs with those in the MetaMirClust database. MetaMirClust is a comprehensive data-
base containing miRNA clusters in the human genome and their annotations [18]. We downloaded the list of miRNAs 
belonging to the miRNA cluster from the MetaMirClust database. Differentially expressed miRNAs identified from small 
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RNA sequencing and miRNAs belonging to miRNA clusters were exported to Microsoft Excel. The common miRNAs 
identified via the VLOOKUP function in Microsoft Excel were considered differentially expressed miRNA clusters.

2.7 � qRT‒PCR

We performed TaqMan based qRT‒PCR via 7500 Fast real-time PCR (Thermo Fisher Scientific, USA) to validate the NGS 
findings. TaqMan assay probes and reagents were purchased from Thermo Fisher Scientific, USA. We selected TaqMan 
assay probes hsa-miR-376c-3p (Assay ID 002122), hsa-miR-494-3p (Assay ID 002365), hsa-miR-495-3p (Assay ID 001663), 
and hsa-miR-409-3p (Assay ID 002332) for validation of the NGS data in an independent cohort of NCE and CSCC samples 
(n = 10 each). We used 10 ng/μL total RNA and the TaqMan® MicroRNA Reverse Transcription Kit (Thermo Fisher Scientific, 
USA) to carry out reverse transcription. RNU6B (ID 001093) served as an internal control for qRT‒PCR. Differential miRNA 
expression was quantified via the 2-ΔCt formula, where ΔCt = Ct value of test miRNA—Ct value of RNU6B [11, 12].

2.8 � MiRNA cluster target identification

miRNA cluster targets were predicted via the miRTarBase (V8.0) [19], TargetScan (V8.0) [20], and miRDIP (V5.2) [21] 
databases with the default settings. The targets commonly predicted by all three databases were considered putative 
targets. We next analysed the expression of miRNA cluster target genes in the TCGA-CESC datasets. The genes that 
showed differential expression in the TCGA-CESC dataset and an inverse correlation with clustered miRNAs were used 
for all downstream analyses.

2.9 � Interaction, functional, and pathway enrichment analysis

We used the ShinyGO (V0.80) web server to predict the gene ontology (GO) terms and pathways enriched in response 
to abnormal miRNA cluster expression [22]. A protein‒protein interaction network (PPIN) of miRNA cluster targets was 
constructed via STRING (V12.0) [23] with the default parameters. From the PPIN, the top ten hub genes (HGs) were identi-
fied via the cytoHubba tool [24], and their interactions were visualized via Cytoscape (V3.10.2) [25].

2.10 � Prognostic model construction and survival analysis

We used the TACCO online tool to evaluate the prognostic significance of differentially expressed miRNAs from miRNA 
clusters [26]. We uploaded the differentially expressed miRNAs to the TACCO webserver and used the random forest algo-
rithm to assess their ability to predict overall survival. The patients were categorized into high-risk and low-risk categories 
on the basis of the median survival in days. The signature miRNAs used to predict the high-risk and low-risk categories 
were selected by the Wilcoxon rank-sum test with a p-value < 0.05. Predictive models were constructed via the random 
forest algorithm. We subsequently used Kaplan‒Meier (KM) survival plots and log-rank tests to assess the associations 
between differentially expressed miRNAs and overall survival. A p-value < 0.05 was considered statistically significant.

2.11 � Drug–gene interaction analysis

PanDrugs (V2.0) is a bioinformatics pipeline that can be used to prioritize anticancer agents on the basis of genome-wide 
OMICS studies [27]. It contains multi-OMICs data from 23 cancers and contains 74,087 drug‒target interactions gener-
ated from 4642 genes and 14,659 chemical compounds. We queried the PanDrugs (V2.0) for the hub genes to identify 
the druggable hub genes with those of potential drugs that are under clinical trials or already approved by the FDA.

3 � Results

3.1 � Clinical characteristics of the patients

A total of 42 samples were analysed to identify changes in miRNA expression between CSCC and NCE samples. Among 
these samples, 11 samples each from NCE and CSCC were subjected to small RNA sequencing, while 10 samples each 
from NCE and CSCC were used for validation through qRT‒PCR. The median ages of the patients in the NCE and CSCC 
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groups were 53 and 57 years, respectively. All CSCC samples were confirmed to contain more than 80% tumor cells and 
were HPV positive, whereas all NCE samples were HPV negative. The clinicopathological characteristics of the samples 
used in the present study are shown in Table 1. Figure 1 summarizes the study outline used for in-silico identification 
and analysis of differentially expressed miRNA clusters, their targets, associated pathways, and drug‒gene interactions.

3.2 � miRNA clusters show aberrant expression in CC patients

We first compared the miRNA expression between the NCE and CSCC samples to identify the putative differentially 
expressed miRNAs in CC. Small RNA sequencing revealed 229 miRNAs (upregulated: 89 and downregulated: 140) that 

Table 1   Clinicopathological 
features of NCE and CSCC 
samples

Features NCE (n = 21) CSCC (n = 21)

Age (in years) 53 ± 9.4 57 ± 6.1
Age of menarche (in years) 14.7 ± 2.2 15.1 ± 2.9
HPV status
 Positive 0 21
 Negative 21 0

Deliveries
 0–1 14 5
 ≥ 2 7 16

Family history of cancer
 Yes 2 10
 No 11 6

Not known 8 5
FIGUREO status
 I/II – 14
 III/IV – 7

Tumour size
 < 4 cm – 10
 ≥ 4 cm – 11

Lymph node metastasis
 Yes – 12
 No – 9

Fig. 1   Pictorial representation of the approach used for in silico analysis
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were differentially expressed between the NCE and CSCC samples. To identify the miRNA clusters differentially expressed 
in CSCC samples, we extracted the human miRNA cluster genes from MetaMirClust. The comparison between Meta-
MirClust and our study revealed that48 miRNA clusters were differentially expressed [22 upregulated (Fig. 2a) and 26 
downregulated (Fig. 2b)] between the NCE and CSCC samples. We used the dbDEMC database to obtain differentially 
expressed miRNAs in cervical cancer from previously published studies. dbDEMC is a comprehensive database consisting 

Fig. 2   Hierarchical clustering of differentially expressed miRNAs belonging to MCs between NCE and CSCC. a and b Represents significantly 
upregulated and downregulated miRNAs belonging to MCs in SCC as analysed by small RNA sequencing of 11 NCE and 11 CSCC samples. 
Validation of small RNA sequencing results via qRT‒PCR in 10 NCE and 10 CSCC samples. qRT‒PCR revealed significant downregulation of 
c hsa-miR-376c-3p, d hsa-miR-494-3p, e hsa-miR-495-3p, and f hsa-miR-409-3p in CSCC compared with NCC.RNU6B was used as an internal 
control. P < 0.05 was considered statistically significant. NCE: normal samples; CSCC: cervical squamous cell carcinoma; MCs: miRNA clusters. 
N1 to N11 represent 11 normal samples, and T1 to T11 represent 11 CSCC samples
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of data from 403 datasets and 40 cancer types (Supplementary Fig. 1) [28]. CC gene expression datasets such asGSE30656 
(10 normal and 10 tumor samples) [29], TCGA-CESC (2 normal and 307 tumor samples), and GSE86100 (6 normal and 6 
tumor samples) [30] were already integrated into the dbDEMC webserver and were queried to identify the differentially 
expressed miRNAs. The analysis of GSE30656 identified 28 up- and 25 downregulated miRNAs. The TCGA-CESC dataset 
included 74 up- and 90 downregulated miRNAs. The GSE86100 dataset analysis revealed 43 up- and 30 downregulated 
genes. The differentially expressed miRNA data were compared with data from MetaMirClust to identify the differentially 
expressed miRNA cluster. The comparison revealed 16 miRNA clusters (18 upregulated and 45 downregulated) in the 
GSE30656 dataset, 45 miRNAs (21 upregulated and 24 downregulated) in the TCGA-CESC dataset, and 18 miRNA clusters 
(12 upregulated and 31 downregulated) in the GSE86100 dataset (Supplementary Table 1). The comparison between our 
data and the TCGA-CESC dataset identified 85 common miRNAs. These data collectively suggest that aberrant expression 
of miRNA clusters (Table 2) and individual miRNAs (Supplementary Table 2) occurs frequently in CC.

3.3 � miR‑379/656 cluster is significantly downregulated in CC

The miRNAs used for validation were shortlisted from our small RNA sequencing data. MiR-379/656 is the second larg-
est MC in the human genome and consists of 42 miRNAs driven by a single promoter [31]. Interestingly, 31 members 
of the miR-379/656 cluster were downregulated according to our NGS data. However, the expression of 11 miRNAs 
from the cluster was undetermined according to our NGS analysis. In addition, members of this cluster were commonly 
downregulated in our NGS and public datasets. Hence, we selected hsa-miR-376c-3p (Fig. 2c), hsa-miR-494-3p (Fig. 2d), 
hsa-miR-495-3p (Fig. 2e), and hsa-miR-409-3p (Fig. 2f ) miRNAs for validation in an independent cohort of normal and 
CSCC samples (10 each) via qRT‒PCR. hsa-miR-376c-3p (2.8-fold; p-value 0.03), hsa-miR-494-3p (3.4-fold; p-value 0.02), 
hsa-miR-495-3p (eightfold; p-value 0.01), and hsa-miR-409-3p (fivefold; p-value 0.03)were significantly downregulated 
in CSCC samples compared with NCE samples (p < 0.05).

3.4 � miRNA cluster can target key cancer associated signaling pathways with a potential to predict patient 
survival and metastasis in CC

miRNA set enrichment analysis was performed viamiEAA [32]. Fifty-three KEGG pathways were significantly enriched (FDR 
adjusted p value < 0.01). Wnt signalling, small cell lung cancer, VEGF signalling, mTOR signalling, angiogenesis, apoptosis, 
EGFR signalling, and TNF-α signalling were the top enriched pathways (Supplementary Fig. 2).The volcano plot represents 
the significantly upregulated (Fig. 3a) and downregulated (Fig. 3b) miRNAs belonging to the miRNA clusters analysed 
via the TACCO webserver. We next built a prognostic model based on signature miRNAs identified via the random for-
est algorithm in the TACCO webserver [26].The prognostic model generated using upregulated miRNA clusters had a 
sensitivity and specificity of 0.92 and 0.90, respectively (Fig. 3c). The prognostic model generated using downregulated 
miRNA clusters had a sensitivity and specificity of 0.88 and 0.92, respectively (Fig. 3d). Finally, we performed survival 
analysis for the upregulated (Fig. 3e) and downregulated (Fig. 3f ) miRNAs via KM plots and log rank tests. The miRNAs 
used for building the prognostic model are shown in (Fig. 3g, h). A total of 15 upregulated and 7 downregulated miRNAs 
belonging to the miRNA cluster were identified as prognostically significant (Supplementary Table 3). Clinicopathological 
analysis suggested that 12 out of 21 samples (57%) presented with lymph node metastasis. We manually searched the 
literature to determine whether aberrant miRNA cluster expression can enhance metastatic potential. A literature search 
of experimental studies suggested that the upregulation of 16 miRNAs and the downregulation of 24 miRNAs may aid 
in metastasis in CC (Supplementary Table 3).

3.5 � Aberrant miRNA cluster expression targets genes connected with cell cycle and may promote cell cycle 
progression

miRNA cluster targets were predicted via 3 independent target prediction tools, namely, miRTarBase (V 8.0) [20], miR-
NET (V 2.0) [33], and mirDIP (V5.2) [21],which identified 583 target genes. The genes commonly predicted by the three 
independent databases were chosen for downstream analysis. TCGA-CESC dataset analysis via OncoDB [34] (adjusted 
p value: 1.00e-03, log2FC: 1) revealed 5510 DEGs. Compared with the 5510 differentially expressed genes in the TCGA-
CESC datasets, the 583 miRNA target genes identified 217 differentially expressed genes (Supplementary Table 4). The 
comparison between our data and the TCGA-CESC data revealed 85 common members of the miRNA cluster. We used 
217 DEGs for PPIN and HG construction. The PPIN of 217 differentially expressed genes constructed using the highest 
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Table 2   Differentially 
expressed miRNA cluster and 
its members in CC

S.No. miRNA clusters Mature.ID Expression in NGS P value

1 miR-1/133a cluster hsa-miR-1 − 3.689126575 0.000391660000
2 hsa-miR-133a − 3.239382214 0.000001520000
3 miR-100/7a cluster hsa-miR-100 − 3.030421962 0.004260048000
4 miR-122/3591 cluster hsa-miR-3591 − 2.61646554 0.0065544081100
5 miR-137/2682 cluster hsa-miR-137 − 5.260708324 0.0002130000
6 miR-143/145 cluster hsa-miR-143 − 2.892557312 0.004524228000
7 hsa-miR-145 − 2.00372615 0.000000813000
8 miR-1912/1264 cluster hsa-miR-1264 − 2.453302114 0.040312118000
9 hsa-miR-1912 − 1.956530765 0.0178857446000
10 miR-193b/365a cluster hsa-miR-365a − 1.516852719 0.052876496000
11 miR-196 cluster hsa-miR-196a − 0.956578957 0.01903431180
12 miR-199a/214 cluster hsa-miR-199a − 2.719920556 0.000005100000
13 hsa-miR-214 − 3.0296726 0.000125223000
14 miR-206/133b cluster hsa-miR-133b − 2.000553317 0.000001520000
15 miR-212/132 cluster hsa-miR-212 − 1.648448345 0.011426642000
16 hsa-miR-132 − 1.343608931 0.003932207000
17 miR-298/296 cluster hsa-miR-296 − 1.712724698 0.052333537000
18 miR-29a cluster hsa-miR-29a − 1.664212669 0.025371994000
19 miR-342/151b cluster hsa-miR-342 − 1.392115346 0.136509428000
20 miR-3618/1306 cluster hsa-miR-1306 − 1.961048955 0.012000596000
21 hsa-miR-655 − 3.526941133 0.000317166000
22 hsa-miR-381 − 3.512721364 0.000000187000
23 hsa-miR-487b − 3.34895716 0.000179098000
24 hsa-miR-154 − 3.192471525 0.000018000000
25 hsa-miR-299 − 3.131033568 0.000006600000
26 hsa-miR-654 − 3.037223129 0.000006410000
27 hsa-miR-376a − 2.962153111 0.00049115900
28 hsa-miR-376b − 2.922663708 0.00235705800
29 hsa-miR-329 − 2.846835033 0.00069466700
30 hsa-miR-1185-1 − 2.843235883 0.08818427700
31 hsa-miR-376c − 2.825429917 0.00051482300
32 hsa-miR-495 − 2.817754993 0.00362405200
33 hsa-miR-656 − 2.694527214 0.00011407000
34 hsa-miR-134 − 2.692604775 0.00182246600
35 miR-379/656 cluster hsa-miR-539 − 2.649274472 0.0031321119
36 hsa-miR-485 − 2.575265389 0.00197778500
37 hsa-miR-1185-2 − 2.514019055 0.08818427700
38 hsa-miR-379 − 2.509921273 0.00005090000
39 hsa-miR-758 − 2.46877805 0.008705412000
40 hsa-miR-409 − 2.383408664 0.00028909100
41 hsa-miR-487a − 2.3013612 0.00017909800
42 hsa-miR-376a-2 − 2.166274223 0.00049115900
43 hsa-miR-494 − 2.14532608 0.00074267600
44 hsa-miR-1185-1 − 2.051874898 0.08818427700
45 hsa-miR-380 − 2.027889514 0.00874140740
46 hsa-miR-377 − 1.905221755 0.05244138900
47 hsa-miR-323a − 1.878891262 0.00496589700
48 hsa-miR-543 − 1.824423002 0.02540134700
49 hsa-miR-382 − 1.818950835 0.00029057800
50 hsa-miR-411 − 1.736256464 0.04441130200
51 hsa-miR-369 − 1.630079406 0.00012480000
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Table 2   (continued) S.No. miRNA clusters Mature.ID Expression in NGS P value

52 miR-3910 cluster hsa-miR-3910 − 1.960703294 0.03000897600
53 miR-3960/2861 cluster hsa-miR-3960 − 2.361139263 0.010933514500
54 miR-423/3184 cluster hsa-miR-423 − 1.656084748 0.028077544300
55 miR-424/450b cluster hsa-miR-450a-2 − 3.278706353 0.04634836400
56 hsa-miR-450b − 2.929365412 0.09857484700
57 miR-424/450b cluster hsa-miR-424 − 2.598398537 0.00032744500
58 hsa-miR-450a − 2.362874149 0.04634836400
59 hsa-miR-542 − 1.631271823 0.07044618300
60 hsa-miR-503 − 1.404072598 0.01173034200
61 miR-4725/365b cluster hsa-miR-365b − 1.516852719 0.05287649600
62 miR-489/653 cluster hsa-miR-489 − 2.047553741 0.03099116870
63 miR-493/136 cluster hsa-miR-433 − 3.991388891 0.00000045300
64 hsa-miR-337 − 3.632090346 0.00000430000
65 hsa-miR-432 − 3.494837875 0.0061215482164
66 hsa-miR-136 − 3.322606206 0.00008250000
67 hsa-miR-665 − 2.468541222 0.007898343333
68 hsa-miR-127 − 2.428186539 0.00526632400
69 hsa-miR-493 − 1.653840687 0.011412741800
70 miR-497/ 195 cluster hsa-miR-497 − 2.548056656 0.00000017800
71 hsa-miR-195 − 1.876138204 0.00006660000
72 miR-99b/125 cluster hsa-miR-125a − 2.147805949 0.0000000104
73 hsa-let-7e − 1.897986717 0.0261012706
74 hsa-miR-99b − 1.74890862 0.000611863
75 miR-106/363 cluster hsa-miR-20b 3.856484756 0.00000029300
76 hsa-miR-19b 1.494672422 0.00100568800
77 hsa-miR-363 3.922960789 0.00000076600
78 hsa-miR-18b 3.578053011 0.00000054200
79 hsa-miR-106a 3.313067527 0.00010176300
80 miR-106b/25 cluster hsa-miR-106b 1.948333524 0.00008270000
81 hsa-miR-25 1.57114627 0.00481324600
82 hsa-miR-93 1.187553109 0.0053162970800
83 miR-1179/3529 cluster hsa-miR-7 1.924654855 0.0060942526400
84 miR-1250/338 cluster hsa-miR-338 1.794769063 0.0081110886800
85 miR-15a/16-1 cluster hsa-miR-15a 2.974560862 0.00169497500
86 hsa-miR-16-2 3.388717661 0.01928757100
87 miR-15b/16-2 cluster hsa-miR-15b 2.74657455 0.00005160000
88 miR-17/92 cluster hsa-miR-18a 2.372920556 0.00090038600
89 hsa-miR-20a 2.185993915 0.00096446900
90 hsa-miR-92a 1.701566011 0.017500985100
91 hsa-miR-19a 1.529610582 0.00214057300
92 hsa-miR-19b-1 1.494672422 0.00482537100
93 hsa-miR-17 1.040909278 0.00554282400
94 miR-181 cluster hsa-miR-181b 1.722827952 0.016207131400
95 hsa-miR-181a-2 1.624846656 0.0046253050000
96 miR-182/183 cluster hsa-miR-96 2.896796113 0.00009990000
97 hsa-miR-183 2.489411009 0.03383907400
98 hsa-miR-182 2.031746189 0.03065204100
99 miR-191/425 cluster hsa-miR-425 2.138260498 0.00286583240
100 miR-200a/429 cluster hsa-miR-200a 1.81389971 0.02446633400
101 hsa-miR-429 1.689364246 0.06522373000
102 hsa-miR-200b 1.376302614 0.09023864000
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confidence level of 0.9 showed 214 nodes and 351 edges (Fig. 4a, p < 1.0e−16). The PPIN network was further screened 
for HGs via cytoHubba and visualized via Cytoscape [25]. The top ten HGs identified in the present study were cell division 
cycle 25A (CDC25A), Cyclin E1 (CCNE1), E2F Transcription Factor 1(E2F1), CyclinE2 (CCNE2), RB transcriptional corepres-
sor like 1(RBL1), E2F Transcription Factor 3 (E2F3), Cyclin Dependent Kinase 2 (CDK2), RB transcriptional corepressor like 
2(RBL2), E2F Transcription Factor 2 (E2F2), and Cyclin D2 (CCND2) (Fig. 4b). The gene ontology terms enriched for biologi-
cal process (Fig. 5a), molecular function (Fig. 5b), and cellular components (Fig. 5c) are shown. The cell cycle, small lung 
cancer, prostate cancer, cellular senescence, p53 signalling, and microRNAs in cancer appeared to be the top enriched 
pathways (Fig. 5d).

3.6 � Drug gene interaction analysis identified known and novel drugs that can be repurposed against CC

A search of PanDrug V 2.0 using 217 differentially expressed target genes resulted in 548 approved drugs and 62 unique 
druggable genes (Supplementary Table 5). The distributions of drugs that are already approved, under clinical trials, 
and under various stages of experimentation are shown in (Fig. 6a). The drug families that were enriched in our analy-
sis included Bcr-Abl kinase inhibitors, receptor tyrosine kinases, serine/threonine kinases, CDK inhibitors, nonreceptor 
tyrosine kinases, hydrolases, and HDAC inhibitors (Fig. 6b). We next constructed a drug‒gene interaction network via 
STITCH [35] and identified approved drugs that can be repurposed for CC treatment (Fig. 6c).

4 � Discussion

CC remains a significant public health burden, particularly in underdeveloped and developing nations, where incidence 
and mortality rates are high despite the availability of PAP screening and HPV vaccines [2]. The increasing incidence of 
CC globally underscores the urgent need for improved strategies for prevention and early detection. The high mortality 
rates of CC are often due to late diagnosis, insufficient implementation of screening programs, and the aggressive nature 
of the disease [36]. Understanding the molecular mechanisms underlying CC could lead to the identification of novel 
biosignatures, offering new avenues for diagnosis, prognosis, and targeted therapies [37]. miRNAs, known regulators 
of various biological processes, play crucial roles in CC by modulating pathways that contribute to cancer development 
and progression when abnormally expressed [38]. Identifying and understanding the functional roles of differentially 
expressed miRNA clusters could provide valuable insights into CC pathogenesis and potential biomarkers for clinical 
applications.

We performed small RNA sequencing to identify abnormally expressed miRNA clusters in CSCC. We reported 48 sig-
nificantly differentially expressed miRNA clusters in CSCC patients compared with NCE samples. Since our sample size 
was small, we compared our data with small RNA sequencing data from 4 different small RNA sequencing studies that 

Table 2   (continued) S.No. miRNA clusters Mature.ID Expression in NGS P value

103 miR-200c/141 cluster hsa-miR-141 1.704453624 0.00855629500
104 hsa-miR-200c 1.276244186 0.00612169400
105 miR-221/222 cluster hsa-miR-222 1.334785224 0.02602073
106 hsa-miR-221 1.18298287 0.0073359507900
107 miR-301b/130b cluster hsa-miR-130b 2.035848397 0.01643066640
108 miR-33b/6777 cluster hsa-miR-33b 2.080321632 0.00040942500
109 miR-34 cluster hsa-miR-34b 2.697948794 0.036892451800
110 hsa-miR-34c 2.849117111 0.05749831200
111 miR-3913 cluster hsa-miR-3913 1.682126286
112 miR-449 cluster hsa-miR-449a 1.775956174 0.022131862200
113 miR-452/224 cluster hsa-miR-224 2.530517374 0.026290762500
114 miR-4732/451a cluster hsa-miR-144 4.358115718 0.00000061000
115 hsa-miR-451a 4.05567325 0.00000036600
116 miR-4736/142 cluster hsa-miR-142 2.638348196 0.00729918800
117 miR-486 cluster hsa-miR-486 5.193874562 0.00004910000
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were previously published. We next performed target gene prediction [19–21], gene ontology and pathway enrichment 
analyses [22] to identify the biological processes and pathways potentially regulated by the differentially expressed 
miRNA clusters. We noted that pathways connected to infection and cancer were highly enriched. Our study supports 
the findings of previous studies suggesting the strong involvement of miRNA dysregulation in the pathogenesis of CC. 
Furthermore, we propose that aberrant miRNA cluster expression may be a key event associated with CC. We and others 
suggest that aberrant miRNA expression can be used as a prognostic and therapeutic marker in CC [39]. To achieve this 

Fig. 3   MC expression can impact overall survival. We constructed a prognostic model for overall survival using upregulated and downregu-
lated miRNAs from MCs. The random forest algorithm and TACCO webserver were used to construct the prognostic model. a Volcano plot 
of the upregulated miRNAs in the TCGA-CESC cohort. The dots coloured in pink represent the significantly upregulated miRNAs from MCs. 
b Volcano plot of the downregulated miRNAs in the TCGA-CESC cohort. The dots highlighted in pink represent the significantly downregu-
lated miRNAs from MCs. c Sensitivity and specificity analysis via the random forest algorithm. The upregulated MCs had a sensitivity and 
specificity of 0.92 and 0.90, respectively, in differentiating the high-risk group from the low-risk group. The patients were categorized into 
high-risk and low-risk groups via the random forest algorithm. d Sensitivity and specificity analysis via the random forest algorithm. The 
downregulated MCs had a sensitivity and specificity of 0.88 and 0.92, respectively, to differentiate the high-risk group from the low-risk 
group. The patients were categorized into high-risk and low-risk groups via the random forest algorithm. e KM plot for overall survival pre-
dicted via upregulated MCs. The random forest algorithm was used to categorize patients into high-risk and low-risk categories on the basis 
of miRNA expression. High-risk and low-risk patients were tested via the log rank test, and overall survival (OS) was calculated via Kaplan–
Meier (KM) survival curves. f KM plot for overall survival predicted via the downregulated members of MCs. The random forest algorithm 
was used to categorize patients into high-risk and low-risk categories on the basis of miRNA expression. High-risk and low-risk patients were 
tested via the log-rank test to predict overall survival. The data are represented as Kaplan–Meier (KM) survival curves. g The upregulated 
miRNAs from MCs included in the prognostic model. h Key downregulated miRNAs from MCs included in the prognostic model
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Fig. 4   Protein‒protein interaction analysis and Hub gene detection. a PPIN was constructed by including all the 217 DEGs targets of the dif-
ferentially expressed MCs via the STRING (V12.0) webserver. b The top 10 hub genes of PPIN were identified via the cytoHubba (V0.1) plugin. 
The PPIN and hub gene networks were visualized via the Cytoscape (v3.6.1) program. The 10 hub genes identified in the present study are 
CDC25A, CCND1, CCNE1, CCNE2, E2F1, E2F2, E2F3, CDK2, RBL1, RBL2, and CDK2 

Fig. 5   Functional and pathway enrichment analysis of the top 10 Hub genes. a to d The top ranked biological processes, cellular compo-
nents, molecular functions and KEGG pathways enriched according to ShinyGO (V 0.80) analysis
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goal, we tested the prognostic potential by generating prognostic models by combining the random forest algorithm 
with miRNA cluster expression. Prognostic analysis with the TCGA-CESC dataset revealed 22 miRNAs linked to patient 
survival, and further analysis revealed that altered miRNA expression was correlated with metastasis in CC [40–42]. Thus, 
our analysis identified miRNA clusters with prognostic utility in CC. However, further studies are needed to confirm our 
findings.

One of the key findings of this study is the downregulation of the miR-379/656 cluster, which is commonly known as 
the chromosome 14 miRNA cluster. miR-379/656 is the second largest human miRNA cluster located at chromosome 
14 in humans [43, 44]. Upregulation [45] and downregulation of this cluster have been reported in cancers [31, 44, 46, 
47]. The members of this miRNA cluster are reported tobe downregulated in CC. We selected four miRNAs from the miR-
379/656 cluster (miR-376c, miR-409, miR-494, and miR-495) for validation in an independent cohort of NCE and CSCC 
samples, as this cluster downregulation was observed in all four independent CC datasets analysed.miR-376c is one of 
the downregulated miRNA clusters in CC. miR-376c targets BMI1(B-cell-specific Moloney murine leukemia virus integra-
tion site 1) to inhibit proliferation, G1/S phase transition, and invasion [48]. miR-409-3p is a downregulated miRNA in CC. 
Another study revealed that miR-409-3p is downregulated and has an inverse correlation with HPV E6 in CC. Thus, the 
downregulation of host miRNAs that target HPV oncogenes may be critical during CC [49]. Reactivation of miR-409-3p 
hindered the growth and motility of CC cells by directly targeting cyclin-dependent kinase 8 (CDK8) [50]. Downregula-
tion of miR-409-3p impacts the overall survival of CC patients and is inversely correlated with AKT [51]. Significantly 
lower expression of miR-494 was reported in CC tissues than in normal and cervical intraepithelial neoplasia samples. 
Compared with control cells, HeLa cells transfected with miR-494 mimics presented reduced proliferation and invasion 
rates [52]. Another study revealed the upregulation of miR-494 with concomitant downregulation of phosphatase and 
TENsin homologue (PTEN) in CC [53]. A correlation between miR-494 overexpression and poor overall survival and poor 
prognosis has also been reported. Furthermore, increased plasma miR-494 levels correlated with the degree of cancer 
invasion in CC. The study also demonstrated that the induction of proliferation, migration, and invasion upon miR-494 
overexpression involves activation of the MAPK/ERK pathway via direct targeting of SOX9 [54]. The study did not mention 
the possible mechanisms for the upregulated expression of miR-494. However, most of the previous studies, including 

Fig. 6   Analysis of the associations of the hub genes with drugs. a Pie chart representing the drug approval status. We identified 28 
approved drugs and 31 drugs in clinical trials that target MC cluster hub genes. Our analysis suggested that hub genes can be targeted by 
several drugs that are either approved or under clinical trials. b Pie chart representing the family of drugs that can target the hub genes. c 
Chemical and hub gene network generated from STITCH (V 5.0)
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ours, reported the downregulation of miR-494 in CC [52, 55]. In addition, we noted a lower level of miR-494 in the TCGA-
CESC dataset. Studies have shown that miR-494 is epigenetically regulated in cancers such as hepatocellular carcinoma 
[56], bladder cancer [57] and breast cancer [58]. miR-495-3p is another downregulated miRNA in CC. Ectopic coexpres-
sion of miR-495-3p andmiR-143-3p inhibited CC cell viability by promoting apoptosis, inhibited tumor growth in vivo 
and targeted Cyclin Dependent Kinase 1 (CDK1) in CC [59]. The improperly expressed miRNA clusters identified in our 
investigation may function as biomarkers for CC. Studies have described both the upregulation and downregulation of 
miR-494 in CC. Our findings are consistent with those of most previous studies showing that miR-494 is downregulated 
and a tumor-suppressive miRNA in CC. Since these miRNAs are differentially expressed, their use as biomarkers for CC 
is promising. However, detailed mechanistic studies are needed to fully understand the role of the miR-379/656 cluster 
in CC.

Functional enrichment analysis of miRNA cluster targets revealed the involvement of key pathways, such as PI3K−Akt 
signalling and p53 signalling, which are critical in CC progression [60]. GO analysis highlighted enriched processes such 
as epithelial cell proliferation, reproductive system development, and cell cycle regulation, suggesting that aberrant 
miRNA cluster expression may promote CC aggressiveness. These pathways are closely linked to oncogenic transforma-
tion and tumor progression. We constructed a protein‒protein interaction network (PPIN) of miRNA cluster targets, 
identifying hub genes such asCDC25A, CCNE1, E2F1, CCNE2, RBL1, E2F3, CDK2, RBL2, E2F2 and CCND2, which are crucial in 
cell cycle regulation, cellular senescence, and cancer-related pathways [61]. Thus, targeting these miRNA clusters may 
benefit CC management.

Nevertheless, our study has several limitations. First, the number of clinical samples used in the current study was small. 
Second, we did not perform any mechanistic studies to understand the molecular mechanisms and signalling pathways 
contributing to CC. The bias due to the small sample size was overcome by analysing publicly available datasets from 
CC and validation studies using independent samples by qRT‒PCR. We detected concordance between the small RNA 
sequencing data and the qRT‒PCR data. We used a standardized pipeline for data analysis and considered genes as dif-
ferentially expressed if LogFC (log2fold change) >  + 1 and < −1 with an FDR of < 0.05. Furthermore, we used differentially 
expressed genes from each dataset for comparison to avoid errors due to the use of different platforms. Our findings 
identified several novel miRNA clusters whose functions in CC pathology have yet to be established. Although promis-
ing, the study findings require validation in a larger sample size and necessitate mechanistic studies to understand their 
function in CC. We plan to validate the expression of miRNAs in a large cohort of samples and characterize their functions 
via in vitro and in vivo studies as part of future research.

5 � Conclusion

In conclusion, our study identified miRNA clusters whose targets are altered in CC. We identified48 significantly differ-
entially expressed miRNA clusters and 22 prognostically important miRNAs. Interestingly, we identified and confirmed 
the downregulation of the miR-379/656 cluster in CC. This study identified several key cancer-related pathways, notably 
the p53 pathway, the cell cycle, and MAPK signalling. Target gene analysis identified CDC25A, CCNE1, E2F1, CCNE2, RBL1, 
E2F3, CDK2, RBL2, E2F2 and CCND2 as the top ten MC target hub genes. Future research should involve larger cohorts and 
experimental studies to validate the roles of identified miRNA clusters in CC. Overall, we identified the aberrant expres-
sion of miRNA clusters relevant to CC. The targeting of these clusters may be attempted to manage CC.
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