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Abstract
In this study, we sought to identify key molecular players in both thyroid cancer (TC) and Hashimoto's thyroiditis (HT) by 
analyzing differentially expressed genes (DEGs) and their potential as biomarkers. We utilized datasets from the Gene Expres-
sion Omnibus (GEO) database and identified CLTA, EDIL3, HAPLN1, and HIP1 as hub genes common to both TC and HT. 
These genes were significantly upregulated in TC cell lines compared to normal controls, with high diagnostic accuracy as 
indicated by Receiver Operating Characteristic (ROC) curve analysis. Further validation using the TCGA TC dataset revealed 
their significant upregulation in tumor tissues, particularly in advanced TC stages. Promoter methylation analysis indicated 
hypomethylation of these genes in TC, suggesting a role of methylation in their regulation. We also observed mutations and 
copy number variations (CNVs) in these hub genes, with CLTA and HIP1 showing significant amplifications, which may 
contribute to their overexpression in tumor samples. In addition, we conducted a meta-analysis to assess the impact of these 
genes on survival outcomes in TC patients, with results indicating that higher expression of HAPLN1 and HIP1 was associ-
ated with poor survival. Our study also highlighted the involvement of CLTA and EDIL3 in activating the Rap1 signaling 
pathway, crucial for cancer cell migration, proliferation, and invasion. These findings emphasize the potential of CLTA, 
EDIL3, HAPLN1, and HIP1 as diagnostic biomarkers and therapeutic targets for TC and HT.

Keywords  Thyroid cancer · Hashimoto’s thyroiditis · Biomarker · Therapeutic target · Proliferation

Introduction

Hashimoto's thyroiditis (HT) and thyroid cancer (TC) are 
two prevalent thyroid disorders with distinct pathophysi-
ological mechanisms yet some overlapping molecular char-
acteristics [1, 2]. HT is an autoimmune disease that leads to 
chronic inflammation of the thyroid gland, often resulting 
in hypothyroidism [3, 4]. It is marked by an infiltration of 
immune cells, particularly lymphocytes, and the production 
of thyroid-specific autoantibodies that cause thyroid cell 
destruction [5, 6]. On the other hand, TC is a malignant 
tumor of the thyroid gland, with the most common form 
being papillary thyroid carcinoma (PTC), followed by fol-
licular, medullary, and anaplastic types [7]. Both diseases 
present distinct molecular features; however, their relation-
ship and shared molecular pathways have not been exten-
sively explored. The global prevalence of HT is increasing, 
with estimates suggesting that around 5% of the global popu-
lation is affected, with a significant female predominance 
[8]. HT is most commonly diagnosed in individuals aged 
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30–50 years, and its prevalence has risen in recent decades 
due to improved diagnostic methods and heightened aware-
ness [9]. In 2024, it is expected that over 400 million peo-
ple globally will be diagnosed with HT, with the disease 
contributing significantly to cases of hypothyroidism world-
wide [10]. Thyroid cancer is also on the rise, with more than 
500,000 new cases expected annually by 2024 [11]. This is 
primarily driven by advancements in imaging techniques and 
early detection, as well as lifestyle factors and genetic predis-
positions [12]. Although thyroid cancer has a high survival 
rate, particularly in the case of papillary thyroid carcinoma, 
there is a growing concern regarding the increasing inci-
dence of more aggressive forms, such as anaplastic thyroid 
carcinoma, which poses significant therapeutic challenges.

Despite significant research into HT and TC, there 
remains a notable gap in identifying shared biomarkers 
and therapeutic targets for these diseases. Although both 
diseases are associated with thyroid dysfunction, autoim-
mune responses, and immune system involvement, few 
studies have attempted to draw comparisons or highlight 
common molecular pathways between HT and TC [13, 14]. 
Current diagnostic methods primarily rely on imaging, his-
topathological examination, and the assessment of thyroid 
antibodies, but the lack of reliable molecular biomarkers 
limits the accuracy of diagnosis and the effectiveness of tar-
geted therapies. Furthermore, while both diseases involve 
altered gene expression, their molecular bases are poorly 
understood. For example, while TC is often associated with 
mutations in genes such as BRAF, RAS, and RET, and HT 
with autoimmunity markers like TPO (thyroid peroxidase) 
and TG (thyroglobulin) [15], there is little integration of 
these findings to identify biomarkers or therapeutic targets 
that are common to both diseases. This study aims to fill 
this gap by using bioinformatics tools to analyze the gene 
expression data from the Gene Expression Omnibus (GEO) 
database [16, 17] and identify overlapping genes and path-
ways involved in both conditions.

Several studies have already investigated the molecular 
mechanisms underlying HT and TC, though most have 
focused on each disease independently, without addressing 
their potential overlap. For HT, research has identified 
several genes and pathways involved in the autoimmune 
response, such as TPO, TG, CTLA-4, and PTPN22, 
which are involved in immune regulation and thyroid 
gland inflammation [18, 19]. For example, TPO and TG 
are thyroid-specific antigens that are often elevated in the 
serum of HT patients, making them key diagnostic markers 
for the disease [9]. In addition, studies have shown that 
PTPN22, a gene involved in T-cell regulation, is upregulated 
in HT, contributing to the autoimmune attack on thyroid 
tissue [2]. In thyroid cancer, several oncogenes and tumor 
suppressor genes have been well-characterized. Mutations 
in BRAF (particularly V600E), RAS, RET, and TP53 

have been shown to be frequent in various types of thyroid 
cancer, especially in PTC [20]. The BRAF V600E mutation 
is particularly important, as it has been linked to tumor 
aggressiveness and poor prognosis [21, 22]. Other genes, 
such as NKX2-1 and FOXE1, have also been implicated 
in thyroid carcinogenesis, affecting cell differentiation and 
survival.

However, studies integrating the molecular landscapes 
of HT and TC are scarce, particularly those exploring the 
shared pathways between these two conditions. While HT 
is primarily considered an autoimmune disorder and TC as 
a neoplastic condition, recent research has suggested poten-
tial crosstalk between inflammation, immune responses, and 
cancer progression. For instance, genes involved in inflam-
mation such as TNF-α and IL-6, and immune checkpoint 
inhibitors like PD-1/PD-L1, have been shown to be dysregu-
lated in both HT and TC [23], although their exact roles 
and interactions remain unclear. In our study, we used GEO 
datasets to explore the gene expression profiles of HT and 
TC, aiming to identify common biomarkers and therapeutic 
targets. We then validate these findings using bioinformat-
ics tools [24, 25] and detailed in vitro experiments [26, 27].

Methodology

Data retrieval, analysis, and identification of hub 
genes in TC and HT

To identify differentially expressed genes (DEGs) in TC 
and HT, we retrieved datasets from the Gene Expression 
Omnibus (GEO) database (https://​www.​ncbi.​nlm.​nih.​
gov/​geo/) [16], including two TC datasets (GSE53157 
and GSE153659) and two HT datasets (GSE54958 and 
GSE138198). Data preprocessing steps were performed prior 
to DEG analysis to ensure the reliability and reproducibility 
of the results. Specifically, all raw gene expression data 
were first normalized to correct for any technical variation 
between samples, ensuring that the results reflect biological 
differences rather than technical biases. For normalization, 
we used the quantile normalization method, which adjusts 
for differences in overall intensity distribution across 
samples. This method was chosen to ensure that each dataset 
could be directly compared by aligning the distributions of 
expression values. Additionally, batch effects—systematic 
variations that could arise from differences in experimental 
conditions, platforms, or other external factors—were 
corrected using the ComBat method, an empirical Bayes 
approach available in the sva R package. Batch effect 
correction is crucial to prevent confounding factors from 
influencing the DEG analysis, particularly when datasets 
are collected from different platforms or studies. After 
normalization and batch effect correction, we performed 

https://www.ncbi.nlm.nih.gov/geo/
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DEG analysis using the limma package (https://​bioco​nduct​
or.​org/​packa​ges/​relea​se/​bioc/​html/​limma.​html) in R, which 
is a widely used tool for analyzing differential expression in 
high-throughput data. Differential expression was visualized 
through volcano plots, where the x-axis represents log2 fold 
change (LogFC) and the y-axis represents the -log10 of the 
p-value. A LogFC cutoff value of |LogFC|≥ 1 was applied, 
corresponding to a fold change of ≥ 2 in gene expression, to 
identify significantly upregulated or downregulated genes. 
Additionally, genes with an adjusted p-value (Padj) < 0.05 
were considered statistically significant. Finally, a Venn 
diagram was used to compare the top 2000 DEGs identified 
across all four datasets, highlighting the overlap of DEGs 
between TC and HT samples. For Protein–Protein Interaction 
(PPI) analysis of the common genes, we used the STRING 
database (https://​string-​db.​org/) [28] to construct the 
interaction networks. The PPI network was visualized using 
the Cytoscape software (https://​cytos​cape.​org/). To identify 
the most important genes within the interaction network, we 
applied the CytoHubba application in Cytoscape. This tool 
calculates the "degree" of each node (representing genes) in 
the network, where the degree is the number of interactions 
a protein has with other proteins. Genes with the highest 
degree values were considered to have the most central 
roles in the network, thus providing a measure of their 
importance in the biological processes associated with TC 
and HT. The rationale for using the degree method is based 
on the premise that highly connected proteins are likely to be 
functionally important, influencing key pathways involved in 
disease development. Through this method, CLTA, EDIL3, 
HAPLN1, and HIP1 emerged as the most significant hub 
genes, with the highest interaction frequencies. These genes 
were selected for further analysis due to their central roles 
in the PPI network and their potential involvement in the 
molecular mechanisms underlying TC and HT. This focused 
analysis using the degree method allowed us to narrow down 
the list of potential biomarkers from overlapping DEGs to 
four key genes that could serve as promising candidates for 
further experimental validation and clinical application.

Cell culture

In this study, we purchased 10 TC cell lines and 6 normal 
thyroid cell lines from the American Type Culture 
Collection (ATCC), USA. The thyroid cancer cell lines 
used were TPC1, CAL62, BHT-101, SW1736, K1, KTC1, 
CGTH-W-1, ARO, C643, and BCPAP, while the normal 
thyroid cell lines included Nthy-ori 3–1, FRTL-5, HTori-
3, NTHY-1, Thy-1, and HTh7. These cell lines were 
cultured in our laboratory under optimal conditions for 
comparative analysis of gene expression and molecular 
characteristics. For TC cell lines, RPMI-1640 medium 
(Thermo Fisher Scientific) supplemented with 10% Fetal 

Bovine Serum (FBS) (Thermo Fisher Scientific) and 1% 
Penicillin–Streptomycin (Thermo Fisher Scientific) was 
used to support their growth. In contrast, the normal 
thyroid cell lines were cultured in DMEM/F12 medium 
(Thermo Fisher Scientific), supplemented with 10% 
FBS and 1% Penicillin–Streptomycin. All cell lines were 
maintained in a humidified incubator at 37 °C with 5% 
CO2, with the medium being changed every 2–3 days. 
Cells were subcultured upon reaching approximately 
80% confluence using Trypsin–EDTA (Thermo Fisher 
Scientific) for detachment.

Reverse transcription quantitative PCR (RT‑qPCR) 
analysis

To analyze the gene expression of CLTA, EDIL3, 
HAPLN1, HIP1, Rap1A, and C3G, RNA was extracted 
from the cultured TC and normal thyroid cell lines. First, 
cells were collected from the culture plates once they 
reached 80% confluence, and total RNA was extracted 
using the RNeasy Mini Kit (Qiagen) according to the 
manufacturer’s protocol. The RNA concentration and 
quality were assessed using a NanoDrop spectrophotom-
eter (Thermo Fisher Scientific), and only samples with a 
260/280 ratio between 1.8 and 2.0 were used for further 
analysis. Next, the RNA was reverse transcribed into com-
plementary DNA (cDNA) using the High-Capacity cDNA 
Reverse Transcription Kit (Applied Biosystems), follow-
ing the manufacturer’s instructions. Briefly, 1 µg of total 
RNA was used for cDNA synthesis, and the reaction was 
carried out in a thermal cycler under conditions specified 
in the kit protocol.

Following cDNA synthesis, RT-qPCR was performed 
to assess the expression levels of the target genes (CLTA, 
EDIL3, HAPLN1, HIP1, Rap1A, and C3G) and GAPDH 
as a housekeeping gene. The RT-qPCR reactions were set 
up using SYBR Green PCR Master Mix (Applied Biosys-
tems) and performed on the QuantStudio 5 Real-Time PCR 
System (Thermo Fisher Scientific). The relative expres-
sion levels of the target genes were calculated using the 
2^-ΔΔCt method, with GAPDH as the internal control for 
normalization. All the primers used in this study have been 
listed in Table 1.

The thermal cycling conditions for RT-qPCR reactions 
were as follows: an initial denaturation step was performed 
at 95 °C for 10 min to activate the SYBR Green DNA poly-
merase. This was followed by 40 cycles of amplification, 
each consisting of denaturation at 95 °C for 15 s, anneal-
ing at the optimal temperature for each gene (Table 1) for 
30 s, and extension at 72 °C for 30 s. After amplification, 
a melting curve analysis was performed by increasing the 

https://bioconductor.org/packages/release/bioc/html/limma.html
https://bioconductor.org/packages/release/bioc/html/limma.html
https://string-db.org/
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temperature from 60 °C to 95 °C at a rate of 0.1 °C per sec-
ond to ensure the specificity of the PCR products.

Validation of hub gene expression and Gene Set 
Enrichment Analysis (GSEA) analysis

To validate the expression of the hub genes CLTA, EDIL3, 
HAPLN1, and HIP1, we utilized the TCGA TC dataset in 
conjunction with the GSCA database (http://​bioin​fo.​life.​
hust.​edu.​cn/​GSCA/) [29] The GSCA database provides inte-
grated analysis tools for gene expression and clinical data 
in cancer, allowing for the comparison of gene expression 
between tumor and normal tissues. The expression levels 
of the selected hub genes were assessed in both tumor and 
normal tissue samples from TC. In addition, this database 
was also utilized for the GSEA analysis of hub genes in TC.

Promoter methylation analysis

To investigate the promoter methylation status and its corre-
lation with gene expression of the hub genes CLTA, EDIL3, 
HAPLN1, and HIP1 in TC, we utilized the OncoDB and 
GSCA databases. The OncoDB database (http://​oncodb.​
org/) [30] provides information on genetic and epigenetic 
alterations in cancer, including methylation profiles across 
different cancer types. The GSCA database [29] integrates 
cancer genomic data and allows for the analysis of gene 
expression and methylation status, making it a suitable 
resource for this study.

Mutational and copy number variation (CNV) 
analysis

To analyze the mutational and CNV data of the hub genes 
CLTA, EDIL3, HAPLN1, and HIP1 in TC, we utilized the 
cBioPortal database (https://​www.​cbiop​ortal.​org/) [31], a 
comprehensive resource for exploring, visualizing, and ana-
lyzing multidimensional cancer genomics data. cBioPortal 
provides access to mutation, copy number, and clinical data 

from multiple cancer studies, making it an ideal platform 
for investigating the genetic alterations of specific genes in 
various cancer types, including TC.

Meta‑analysis of survival associations for hub genes

To assess the survival associations of the hub genes CLTA, 
EDIL3, HAPLN1, and HIP1 in thyroid cancer, we conducted 
a meta-analysis using data from the GENT2 database (http://​
gent2.​appex.​kr/​gent2/) [32], which integrates gene expres-
sion and clinical data from multiple cancer datasets. The 
GENT2 database provides tools for analyzing the impact 
of gene expression on patient survival across a variety of 
cancers, including TC.

Correlation analysis of hub genes with immune 
regulation and drug sensitivity

The TISIDB database (http://​cis.​hku.​hk/​TISIDB/) [33] is a 
comprehensive resource for studying tumor immune micro-
environments, including immune-related gene expression 
and immune cell infiltration. In this study, we analyzed the 
correlation between the expression of the hub genes and 
immune inhibitor genes in TC and other cancers, using the 
Spearman correlation coefficient. Additionally, we used 
the GSCA database (http://​bioin​fo.​life.​hust.​edu.​cn/​GSCA/) 
[29], which integrates gene expression and clinical data, to 
examine the correlation between the expression levels of the 
hub genes and immune cell infiltration and to perform drug 
sensitivity analysis in TC.

PPI network and gene enrichment analysis of hub 
genes

The GeneMANIA database (http://​genem​ania.​org/) [34] 
is a powerful tool for predicting protein interactions and 
gene function based on functional genomics data, while 

Table 1   Detail of the primers used in the current study

Gene Forward Primer Sequence
5′-3′

Reverse Primer Sequence
5'-3'

Optimal Anneal-
ing Temperature 
(°C)

GAPDH ACC​CAC​TCC​TCC​ACC​TTT​GAC​ CTG​TTG​CTG​TAG​CCA​AAT​TCG​ 59 °C
CLTA CGA​TTG​CAG​TCA​GAG​CCT​GAAAG​ TAG​CTG​CTC​GTC​CTG​TCT​TGCA​ 60.5 °C
EDIL3 GCG​AAT​GGA​ACT​TCT​TGG​CTGTG​ GAG​CGT​TCT​GAA​GAT​GCT​GGAG​ 60.5 °C
HAPLN1 CTG​TTG​TGG​TAG​CAC​TGG​ACTTA​ TCA​CAG​CAT​CCT​GGT​CCA​GACA​ 62 °C
HIP1 CCC​AGG​TAG​ATT​TGG​AAC​GAGAG​ TTG​GCT​TGT​GGC​AAG​TTC​CTGC​ 61 °C
Rap1A ACT​TAC​AGG​ACC​TGA​GGG​AACAG​ CCT​GCT​CTT​TGC​CAA​CTA​CTCG​ 59.5 °C
C3G TGC​CGA​CAC​ATT​CAA​GAA​GCGC​ GGA​AGA​CCA​GTT​CCA​TCA​GCAG​ 62 °C

http://bioinfo.life.hust.edu.cn/GSCA/
http://bioinfo.life.hust.edu.cn/GSCA/
http://oncodb.org/
http://oncodb.org/
https://www.cbioportal.org/
http://gent2.appex.kr/gent2/
http://gent2.appex.kr/gent2/
http://cis.hku.hk/TISIDB/
http://bioinfo.life.hust.edu.cn/GSCA/
http://genemania.org/
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the STRING database (https://​string-​db.​org/) [28] provides 
known and predicted protein interactions derived from 
experimental and computational data. Using both databases, 
we constructed the PPI networks for the hub genes. In addi-
tion, The DAVID database (https://​david.​ncifc​rf.​gov/) [35] 
was used for functional annotation and enrichment analysis 
of the hub genes and their other binding partners.

Regulatory miRNAs of hub genes

To investigate the potential regulatory miRNAs targeting the 
hub genes CLTA, EDIL3, HAPLN1, and HIP1, we used Tar-
getScan (http://​www.​targe​tscan.​org/) [36], a widely used tool 
for predicting miRNA targets based on conserved miRNA 
binding sites in the 3' untranslated regions (UTRs) of genes. 
TargetScan utilizes a large database of miRNA binding pre-
dictions and employs algorithms to assess the likelihood of 
interactions between miRNAs and their target genes.

For the miRNA analysis, we used the TaqMan® Micro-
RNA Reverse Transcription Kit (Applied Biosystems) to 
reverse transcribe 100 ng of total RNA into cDNA, spe-
cifically targeting the mature miRNAs of interest. RT-qPCR 
was then performed using TaqMan® MicroRNA Assays 
(Applied Biosystems) for hsa-miR-142-3p, hsa-miR-137, 
hsa-miR-23c, and hsa-miR-19a-3p. The reactions were 
conducted on the QuantStudio 5 Real-Time PCR System 
(Thermo Fisher Scientific). Data analysis was conducted 
using the 2^−ΔΔCt method, with RNU6B as the endogenous 
control for normalization.

Correlation analysis of hub genes

GEPIA2 (http://​gepia2.​cancer-​pku.​cn/#​index) is a web-
based tool for analyzing gene expression data from TCGA 
and GTEx projects [37]. It provides comprehensive visuali-
zations and statistical analyses for cancer research. In this 
work, we used GEPIA2 to explore correlations of hub genes 
with Rap1 key players in TC.

Knockdown of CLTA and EDIL3 in CAL62 and TPC1 
cells

To investigate the functional roles of CLTA and EDIL3 
in TC, we performed miRNA-mediated knockdown of 
these hub genes in CAL62 and TPC1 cell lines. First, we 
transfected the cells with miRNAs targeting CLTA and 
EDIL3 using Lipofectamine RNAiMAX Transfection 
Reagent (Thermo Fisher Scientific) according to the 
manufacturer’s instructions. Pre-designed miRNA mimics 
specific to CLTA and EDIL3 (obtained from Thermo Fisher 
Scientific) were used to reduce the expression of these 
genes. Non transfected cells were used in parallel to serve 

as controls. The transfection was carried out in 6-well plates, 
and the cells were incubated with the transfection mixture for 
48 h at 37 °C in a 5% CO2 incubator. After the knockdown 
procedure, the cells were harvested for RT-qPCR and 
Western blot analysis to assess the protein expression levels 
of CLTA, EDIL3, and other related markers.

For protein extraction, the cells were lysed using RIPA 
buffer (Thermo Fisher Scientific), supplemented with pro-
tease and phosphatase inhibitors (Sigma-Aldrich). The pro-
tein concentration was determined using the BCA Protein 
Assay Kit (Thermo Fisher Scientific), following the manu-
facturer’s instructions. Equal amounts of protein (30–50 µg) 
from each sample were separated by SDS-PAGE and trans-
ferred onto a PVDF membrane (Millipore). The transfer was 
conducted at 100 V for 1 h at 4 °C to ensure efficient protein 
transfer. After transfer, the membrane was blocked with 5% 
non-fat dry milk in TBS-T buffer (Tris-buffered saline with 
0.1% Tween 20) for 1 h at room temperature to prevent non-
specific binding. Following blocking, the membrane was 
incubated overnight at 4 °C with primary antibodies against 
CLTA, EDIL3, and other proteins of interest. The following 
primary antibodies were used: anti-CLTA (1:1000), anti-
EDIL3 (1:1000), and anti-GAPDH (as a loading control, 
1:5000) (all antibodies were purchased from Santa Cruz Bio-
technology). Following the primary antibody incubation, the 
membrane was washed with TBS-T three times for 5 min 
each to remove excess primary antibody. The membrane 
was then incubated for 1 h at room temperature with HRP-
conjugated secondary antibodies (1:5000). After secondary 
antibody incubation, the membrane was washed again with 
TBS-T three times for 5 min each. Protein bands were visual-
ized using ECL detection reagent (Thermo Fisher Scientific) 
on a ChemiDoc XRS + System (Bio-Rad). The relative pro-
tein expression levels were quantified using ImageJ software 
and normalized to the GAPDH control.

Cell proliferation assay

To evaluate the effects of CLTA and EDIL3 knockdown 
on TC cell growth, we performed a cell proliferation assay 
using the CellTiter 96® AQueous One Solution Cell Prolif-
eration Assay (Promega). After transfection with miRNAs 
targeting CLTA and EDIL3, CAL62 and TPC1 cells were 
seeded into 96-well plates at a density of 5,000 cells per 
well. The cells were incubated at 37 °C in a 5% CO2 incuba-
tor. At 24, 48, and 72 h, 20 µL of CellTiter 96® AQueous 
reagent was added to each well, and the cells were incu-
bated for 1 h. Absorbance at 490 nm was measured using a 
Microplate Reader (BioTek Instruments), and the data were 
analyzed to calculate the proliferation rate, expressed as a 
percentage of the control group.

https://string-db.org/
https://david.ncifcrf.gov/
http://www.targetscan.org/
http://gepia2.cancer-pku.cn/#index
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Colony formation assay

To assess the clonogenic potential of CLTA and EDIL3 
knockdown cells, we performed a colony formation assay. 
After transfection, CAL62 and TPC1 cells were plated in 
6-well plates at a density of 1,000 cells per well. The cells 
were incubated for 2–3 weeks at 37 °C in a 5% CO2 incuba-
tor. During this period, colonies were allowed to form. After 
incubation, the cells were fixed with 4% paraformaldehyde 
and stained with crystal violet (Sigma-Aldrich) to visualize 
the colonies. The colonies were counted manually, and the 
results were expressed as the number of colonies per well.

Wound healing assay

To investigate the effect of CLTA and EDIL3 knockdown on 
cell migration, we performed a wound healing assay. After 
transfection with the miRNAs, CAL62 and TPC1 cells were 
seeded in 6-well plates and grown to confluence. A wound 
was created by scraping the monolayer with a sterile pipette 
tip. The cells were washed with PBS to remove debris and 
incubated in serum-free medium for 24 h at 37 °C in a 5% 
CO2 incubator. Images were captured at 0 and 24 h using a 
phase-contrast microscope (Olympus), and the percentage 
of wound closure was calculated by measuring the area of 
the wound at each time point.

Statistics

Statistical analysis for all experiments was performed using 
GraphPad Prism software (Version 9.0). A two-way ANOVA 
with Tukey’s multiple comparisons test was used for 
analyzing differences in cell proliferation assays at various 
time points. For colony formation and wound healing assays, 
Student’s t-test was used to compare the number of colonies 
and wound closure between knockdown and control groups. 
Venn diagram and network centrality analysis were used 
to identify common DEGs and hub genes, with statistical 
significance set at an adjusted p-value (Padj) < 0.05 and 
LogFC |≥ 1|. ROC curve analysis and AUC values were 
calculated to assess the diagnostic potential of miRNAs 
and the effects of knockdown on protein expression levels 
were analyzed by Western blot using ImageJ software. 
Statistical significance was considered at P*-value < 0.05, 
P**-value < 0.01, and P***-value < 0.001.

Results

Data retrieval, analysis, and identification of hub 
genes in TC and HT

We analyzed datasets retrieved from the GEO database to 
identify differentially expressed genes (DEGs) in TC and 

Fig. 1   Identification of differentially expressed genes and hub genes 
in TC and HT. A Volcano plots showing differentially expressed 
genes (DEGs) between normal and disease samples from the TC 
(GSE53157 and GSE153659) and HT (GSE54958 and GSE138198) 
datasets. B Venn diagram displaying the overlap of the top 2000 
DEGs across all four datasets. C Network-based analysis using the 

degree method to identify the hub genes among the 23 common 
DEGs. D Expression analysis of CLTA, EDIL3, HAPLN1, and HIP1 
across 10 TC and 6 normal control cell lines via RT-qPCR. E ROC 
curve analysis based on RT-qPCR data to assess the diagnostic per-
formance of the hub genes. P***-value < 0.001
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HT. Specifically, we used two TC datasets (GSE53157 
and GSE153659) and two HT datasets (GSE54958 and 
GSE138198). The datasets were analyzed using the limma 
package to identify DEGs between normal and disease 
samples. The volcano plots in Fig. 1A illustrate the DEGs 
identified from each dataset, where the x-axis represents 
the log2 fold change and the y-axis represents the -log10 of 
the p-value. In each plot, genes with significant differential 
expression are highlighted, with red indicating upregulated 
genes and blue indicating downregulated genes, based on a 
threshold of adjusted p-value (Padj) < 0.05 (Fig. 1A). The 
volcano plots show that significant numbers of genes were 
differentially expressed in each dataset, with the most promi-
nent differences observed in the TC datasets (GSE53157 and 
GSE153659) compared to the HT datasets (GSE54958 and 
GSE138198) (Fig. 1A). Next, the Venn diagram in Fig. 1B 
provides an overview of the top 2000 DEGs identified across 
all four datasets. Among these DEGs, 19 genes were shared 
between TC and HT, highlighting potential common molec-
ular players in both diseases (Fig. 1B). Further analysis in 
Fig. 1C identified hub genes among the 23 common DEGs 
using the degree method, a network-based approach that cal-
culates the centrality of genes based on their connections. 
The analysis revealed that CLTA, EDIL3, HAPLN1, and 
HIP1 emerged as the most significant hub genes (Fig. 1C). 
The expression analysis of these hub genes across 10 TC and 
6 normal control cell lines via RT-qPCR is shown in Fig. 1D. 
The results indicate a marked (P-value < 0.001) upregulation 

of CLTA, EDIL3, HAPLN1, and HIP1 in TC cell lines com-
pared to normal control cells. Finally, the ROC curves shown 
in Fig. 1E were generated based on RT-qPCR data to assess 
the diagnostic performance of these hub genes. The area 
under the curve (AUC) for CLTA and HAPLN1 was 0.981, 
and the AUC for EDIL3 and HIP1 was 1 (Fig. 1E), indicat-
ing excellent diagnostic accuracy.

Validation of hub gene expression and GSEA 
analysis

We validated the expression of CLTA, EDIL3, HAPLN1, 
and HIP1 in the TCGA TC dataset using the GSCA data-
base and conducted GSEA analysis. Figure 2A revealed 
significant (P-value < 0.05) upregulation of all four genes 
in tumor tissues compared to normal tissues, with CLTA, 
EDIL3, HAPLN1, and HIP1 showing FDR values ranging 
from 1.1e-11 to 3.4e-08 (Fig. 2A). Figure 2B highlighted 
that CLTA, EDIL3, and HAPLN1 exhibited significant 
expression differences across TC stages, with advanced 
stages showing higher expression levels (Fig. 2B). Nota-
bly, HIP1 did not show significant variation across stages, 
indicating its consistent expression (Fig. 2B). Furthermore, 
GSEA analysis demonstrated that these genes were signifi-
cantly (P-value < 0.05) associated with the development of 
TC (Fig. 2C).

Fig. 2   Validation of hub gene expression and GSEA analysis. A 
Validation of CLTA, EDIL3, HAPLN1, and HIP1 expression in the 
TCGA TC dataset using the GSCA database. B Expression analy-

sis of CLTA, EDIL3, and HAPLN1 across different stages of TC. 
C GSEA analysis showing significant associations between the hub 
genes and the development of TC. P-value < 0.05
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Promoter methylation analysis of hub genes

We analyzed the promoter methylation status and its cor-
relation with gene expression of hub genes CLTA, EDIL3, 
HAPLN1, and HIP1 in TC using the OncoDB and GSCA 
databases. Figure 3A shows that CLTA, EDIL3, HAPLN1, 
and HIP1 exhibit differential methylation between tumor 
and normal tissues, with CLTA, EDIL3, HAPLN1, and 
HIP1 showing significant (P-value < 0.05) decreased pro-
moter methylation in tumor samples (Fig. 3A). Figure 3B 
further validated these findings using data from the GSCA 
database, with CLTA, EDIL3, HAPLN1, and HIP1 showing 
significant (P-value < 0.05) hypomethylation in TC samples 
relative to normal controls (Fig. 3B). In Fig. 3C, Spearman 
correlation analysis via GSCA revealed negative correla-
tions between expression and promoter methylation levels of 
the hub gens (Fig. 3C). These results highlight the potential 
role of methylation in regulating the expressions of CLTA, 
EDIL3, HAPLN1, and HIP1 in TC.

Mutational and CNV analysis of hub genes

We analyzed the mutational and CNV data of the hub genes 
CLTA, EDIL3, HAPLN1, and HIP1 in TC using the cBio-
Portal database. Figure 4A shows that HIP1 was mutated in 
88% of the analyzed TC samples, primarily due to missense 
mutations, while EDIL3 and HAPLN1 showed mutations in 
38% and 12% of the samples, respectively (Fig. 4A). CLTA 
exhibited a somatic mutation rate of 0.73%, with mutations 
primarily in the Clathrin_Ig_ch region (Fig. 4A, B). EDIL3 
and HAPLN1 had mutation rates of 0.29% and 0.1%, respec-
tively (Fig. 4A, B), with alterations in specific domains such 
as EGF_CA and Link_domain_HAPLN_module. HIP1 had 
a mutation rate of 0.68% with mutations concentrated in 
the ANTH_AP180_CALM and COG6 regions (Fig. 4A, 
B). Figure 4C showed CNV analysis, with CLTA and HIP1 
exhibiting high amplification in tumor samples, suggesting 
potential overexpression, while EDIL3 and HAPLN1 dis-
played stable CNV profiles (Fig. 4C).

Fig. 3   Promoter methylation analysis of hub genes. A Promoter meth-
ylation status of CLTA, EDIL3, HAPLN1, and HIP1 in TC compared 
to normal tissues via the OncoDB database. B Validation of the pro-
moter methylation findings using the GSCA database. C Spearman 

correlation analysis using the GSCA database reveals negative corre-
lations between gene expression and promoter methylation levels for 
CLTA, EDIL3, HAPLN1 in TC. P-value < 0.05
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Meta‑analysis of survival associations for hub genes

We conducted a meta-analysis to assess the survival associa-
tions of the hub genes CLTA, EDIL3, HAPLN1, and HIP1 
in TC using data from the GENT2 database. For CLTA, 
the overall hazard ratio (HR) from the meta-analysis was 
1.02 (95%-CI: [0.78, 1.33]), indicating significant effect on 
survival with a p-value of 0.023 (Fig. 5A). For EDIL3, the 
pooled HR from the meta-analysis was 1.12 (95%-CI: [0.90, 
1.41]), and it was statistically significant, with a p-value of 
0.043 (Fig. 5B). This suggests that EDIL3 significantly influ-
ence survival outcomes in TC. In the case of HAPLN1, the 
pooled HR from the meta-analysis was 1.13 (95%-CI: [0.95, 
1.35]), which was statistically significant with a p-value of 
0.035 (Fig. 5C). This result suggests that higher expression 
of HAPLN1 is associated with worse survival in TC. Lastly, 
for HIP1, the pooled HR from the meta-analysis was 1.09 
(95%-CI: [0.90, 1.32]), which was statistically significant 
(p-value = 0.035) (Fig. 5D). This suggests that HIP1 has a 
major impact on survival outcomes in thyroid cancer.

Correlation analysis of hub genes with immune 
regulation and drug sensitivity

In this part of the study, we examined the relationship 
between the hub genes CLTA, EDIL3, HAPLN1, and HIP1 
and various immune-related factors and drug sensitivity 
in TC using the TISIDB, GSCA, and GDSC databases. 

Figure 6A shows the correlation of the hub genes with 
immune inhibitor genes in TC and other cancers. Results 
highlighted that CLTA showed a positive correlation with 
immune inhibitors such as VTCN1, TGFBR1, and TGFB1, 
etc. (Fig. 6A). Similarly, EDIL3 exhibited positive corre-
lations with TGFBR1, KDR, and CD274, etc. (Fig. 6A). 
HAPLN1 was positively correlated with KDR and IDO1, 
while HIP1 showed a positive correlation with TGFBR1 and 
CD274, etc. (Fig. 6A). Figure 6B presents the correlation 
between the hub genes and immune cell types in TC. CLTA, 
EDIL3, HAPLN1, and HIP1 exhibit negative correlations 
with various immune cells, including CD4 + T cells, B cells, 
and Gamma_delta cells (Fig. 6B). This suggests that high 
expression of these genes is associated with reduced infiltra-
tion of these immune cells into the tumor microenvironment, 
potentially promoting immune evasion and tumor progres-
sion. Figure 6C shows the correlation between the expres-
sion of these hub genes and drug sensitivity in the GDSC 
database. Results highlighted significant association between 
high expression of the hub genes and resistance to several 
chemotherapy drugs. For instance, CLTA and EDIL3 were 
associated with resistance to Navitoclax, Tubastatin A, and 
BMS-754807, while HAPLN1 and HIP1 exhibited similar 
patterns of resistance to Navitoclax and Neratinib (Fig. 6C).

Fig. 4   Mutational and CNV analysis of hub genes in TC. A Muta-
tional analysis of CLTA, EDIL3, HAPLN1, and HIP1 in TC using the 
cBioPortal database. B Zoomed-in view of mutation sites in the hub 

genes CLTA, EDIL3, HAPLN1, and HIP1, showing their mutation 
hotspots. C CNV analysis of CLTA, EDIL3, HAPLN1, and HIP1 in 
TC samples
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PPI network and gene enrichment analysis of hub 
genes

We analyzed the PPI networks of the hub genes CLTA, 
EDIL3, HAPLN1, and HIP1 using the GeneMANIA and 
STRING databases, followed by gene set enrichment analy-
sis using DAVID database. Figure 7A and Fig. 7B show the 

PPI networks for the hub genes, revealing extensive inter-
actions with other proteins like FT57, HIP1R, ACAN, and 
AP2B1, suggesting that these hub genes play central roles 
in cellular functions such as adhesion, immune modulation, 
and cytoskeletal organization (Fig. 7A, B). Gene set enrich-
ment analysis of hub genes and their associated binding part-
ners in Figs. 7C–F highlighted key biological processes and 

Fig. 5   Meta-analysis of survival associations for hub genes in TC. A 
Meta-analysis of CLTA survival association in TC using the GENT2 
database. B Meta-analysis of EDIL3 survival association in TC. C 

Meta-analysis of HAPLN1 survival association in TC. D Meta-analy-
sis of HIP1 survival association in TC. P-value < 0.05
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pathways associated with the hub genes and their partners. 
Figure 7C showed enrichment in “coated pit, vesicle coat, 
and coated vesicle membrane, indicating involvement in 
endocytosis and vesicle trafficking.” Fig. 7D revealed enrich-
ment in “clathrin binding and lipid binding, suggesting a role 
in vesicular trafficking and lipid metabolism.” Fig. 7E high-
lighted processes like post-synaptic neurotransmitter recep-
tor internalization and synaptic endocytosis, implicating 
the hub genes in cellular communication and synaptic func-
tions.” Fig. 7F identified the Kyoto Encyclopedia of Genes 
and Genomes (KEGG) pathways like “SNARE interactions 
in vesicular transport and Rap1 signaling,” emphasizing the 
hub genes’ involvement in cancer cell migration, immune 
evasion, and vesicular transport.

Regulatory miRNAs of hub genes

Herein, we explored the regulatory miRNAs targeting 
the hub genes CLTA, EDIL3, HAPLN1, and HIP1 using 
TargetScan predictions and validated their expression 
through RT-qPCR in 10 TC and 6 normal control cell 
lines. Figure 8A shows that hsa-miR-142-3p, hsa-miR-137, 

hsa-miR-23c, and hsa-miR-19a-3p are predicted to regu-
late the hub genes with varying degrees of binding affin-
ity (Fig.  8A). Figure  8B reveals that hsa-miR-142-3p, 
hsa-miR-137, hsa-miR-23c, and hsa-miR-19a-3p were sig-
nificantly (P-value < 0.01) upregulated in TC cell lines, sug-
gesting miRNA expression changes in TC. Figure 8C dem-
onstrates high AUC values in the ROC curve analysis for all 
miRNAs, indicating strong potential for these miRNAs as 
diagnostic biomarkers in TC (Fig. 8C).

CLTA and EDIL3 knockdown and functional assays

Next, we investigated the functional roles of CLTA and 
EDIL3 in TC by performing knockdown experiments in the 
CAL62 and TPC1 cell lines. Gene expression analysis via 
RT-qPCR and Western blot assays confirmed the success-
ful knockdown of CLTA and EDIL3 in both the CAL62 and 
TPC1 cell lines, as shown in Figs. 9A, B and 10A, B and 
supplementary data Fig. 1, where the gene expression of 
both hub genes was significantly (P-value < 0.01) reduced 
in the siRNA-treated cells compared to the control. The 
proliferation assays indicated a significant (P-value < 0.01) 
decrease in cell proliferation in both the si-CLTA and 

Fig. 6   Correlation analysis of hub genes with immune regulation and 
drug sensitivity. A Correlation of CLTA, EDIL3, HAPLN1, and HIP1 
with immune inhibitors in TC and other cancers using the TISIDB 

database. B Correlation of hub genes with immune cell infiltration in 
TC using the GSCA database. C Correlation of hub gene expression 
with drug sensitivity using the GDSC database. P-value < 0.05
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si-EDIL3 cells when compared to the control (Figs. 9C 
and 10C). These findings suggest that CLTA and EDIL3 
are involved in promoting cell growth in thyroid cancer 
cells, and their knockdown impairs this process. In colony 
formation assays (Figs. 9D, E and 10D, E), the number of 
colonies formed by si-CLTA and si-EDIL3 cells was sig-
nificantly reduced compared to the control cells, indicating 
that these genes are essential for maintaining the clonogenic 
potential of thyroid cancer cells. This highlights their role 
in cellular proliferation and survival in a 3D environment, 
which mimics aspects of tumor growth. The wound heal-
ing assays (Figs. 9F, G and 10F, G) revealed that both si-
CLTA and si-EDIL3 cells had significantly reduced wound 
closure percentages compared to control cells, suggesting 
that these genes are crucial for cell migration. This was fur-
ther confirmed by the time-lapse analysis of wound closure 
(Figs. 9H and 10H), where the knockdown of CLTA and 
EDIL3 resulted in delayed wound closure, emphasizing the 
role of these genes in promoting migration and invasion in 
thyroid cancer cells.

Activation of the Rap1 signaling pathway by CLTA 
and EDIL3 in TC

KEGG pathway enrichment analysis results showed that 
CLTA and EDIL3 are involved in the activation of the 
Rap1 signaling pathway. Therefore, next, we analyzed the 

correlation of these genes with two key activators (Rap1A 
and C3G) of the Rap1 signaling pathway to confirm this 
involvement. Figure 11A presents the correlation analy-
sis between CLTA and EDIL3 with the activators Rap1A 
and C3G in TC using the GEPIA2 database. The analysis 
shows a significant positive correlation between CLTA and 
Rap1A (p-value = 0.014, R = 0.11), as well as CLTA and 
C3G (p-value = 0.03, R = 0.96), indicating that CLTA may 
influence the expression of these key activators of the Rap1 
pathway. Similarly, EDIL3 exhibits a stronger positive cor-
relation with both Rap1A (p-value = 6.2e-10, R = 0.27) and 
C3G (p-value = 1.4e-11, R = 0.29), further supporting the 
idea that EDIL3 plays an important role in activating the 
Rap1 signaling pathway in thyroid cancer. Next, Fig. 11B 
shows the RT-qPCR analysis of the expression of Rap1A 
and C3G in Ctrl and siRNA-treated (si-CLTA and si-EDIL3) 
CAL62 cells. The results confirm that the knockdown of 
both CLTA and EDIL3 significantly reduces the expression 
of Rap1A and C3G compared to control cells (Fig. 11B), 
indicating that both CLTA and EDIL3 are involved in acti-
vating Rap1A and C3G, which are crucial for the Rap1 sign-
aling pathway in TC cells. Lastly, Fig. 11C illustrates the 
crosstalk between CLTA and EDIL3 in activating the Rap1 
signaling pathway. Both genes are shown to activate C3G, 
which in turn activates Rap1A. Activated Rap1 regulates 
multiple cellular processes, including integrin activation, 

Fig. 7   PPI network and gene enrichment analysis of hub genes. A 
PPI network for the hub genes CLTA, EDIL3, HAPLN1, and HIP1 
constructed using the GeneMANIA. B PPI network for the hub genes 
CLTA, EDIL3, HAPLN1, and HIP1 constructed using the STRING., 

C Cellular component enrichment analysis. D Molecular function 
enrichment analysis. E Biological process enrichment analysis. F 
Pathway enrichment analysis. P-value < 0.05
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cytoskeletal reorganization, cell adhesion, cell proliferation, 
and cell migration (Fig. 11C).

Discussion

Hashimoto's thyroiditis (HT) is an autoimmune disorder that 
causes chronic inflammation of the thyroid gland and is one 
of the most common causes of hypothyroidism [38, 39]. It 
is often associated with the development of thyroid cancer 
(TC), with a number of studies suggesting that patients with 
HT may have an increased risk of developing TC [13, 40, 
41]. However, the molecular mechanisms linking HT to TC 
remain poorly understood, and the identification of biomark-
ers that can distinguish between these two conditions, while 

also serving as diagnostic and prognostic indicators for TC, 
is an area of critical importance [42, 43]. While various bio-
markers have been investigated in both HT and TC [13, 40], 
there is a lack of comprehensive studies that compare these 
two conditions to identify common molecular alterations and 
shared hub genes [44].

Our study addresses this gap by performing an integrated 
analysis of multiple datasets to identify DEGs common 
between TC and HT, using data from the GEO database 
[45]. We identified different hub genes—CLTA, EDIL3, 
HAPLN1, and HIP1—that are significantly differentially 
expressed in both TC and HT. These genes may not only 
serve as potential diagnostic biomarkers but also help in 
understanding the molecular mechanisms underlying both 

Fig. 8   Regulatory miRNAs of hub genes. A TargetScan predic-
tions showing miRNAs that regulate the hub genes CLTA, EDIL3, 
HAPLN1, and HIP1 with varying degrees of binding affinity. B RT-

qPCR validation of miRNA expression in 10 TC cell lines and 6 nor-
mal control cell lines. C ROC curve analysis. P**-value < 0.01
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conditions, providing insight into their shared and distinct 
pathways.

Previous studies have explored individual gene alterations 
in TC and HT, often focusing on their separate pathophysi-
ological mechanisms [46, 47]. Alterations in genes such as 
CLTA, EDIL3, and HIP1 have been implicated in a vari-
ety of cancers, with these genes known to play significant 
roles in cellular trafficking, immune modulation, and tumor 

progression [48]. For example, CLTA is involved in the 
endocytosis of cell surface receptors, which affects cancer 
cell adhesion and migration [48], while EDIL3 is known 
to regulate angiogenesis and cell survival, both crucial for 
tumor growth and metastasis [49]. HIP1 has been linked to 
vesicular trafficking and signaling in cancer cell migration 
and invasion [50].

Fig. 9   CLTA and EDIL3 knockdown and functional assays in 
CAL62 cells. A RT-qPCR analysis confirming the successful knock-
down of CLTA in CAL62 cells using siRNA. B Western blot anal-
ysis confirming the reduced protein expression of CLTA in CAL62 
cells after siRNA treatment. C Cell proliferation assay showing a 
significant decrease in cell proliferation in si-CLTA and si-EDIL3 
cells compared to control cells. D Colony formation assay demon-

strating that si-CLTA and si-EDIL3 cells formed significantly fewer 
colonies compared to control cells. F Wound healing assay showing 
significantly reduced wound closure in si-CLTA and si-EDIL3 cells 
compared to control cells. G Time-lapse analysis of wound healing 
showing delayed wound closure in si-CLTA and si-EDIL3 cells. P**-
value < 0.01
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While these studies have identified the individual roles 
of these genes in various cancers, the novelty of our study 
lies in its comparative approach between TC and HT, 
where we identify CLTA, EDIL3, HAPLN1, and HIP1 as 
common hub genes. Unlike previous studies, which have 
largely focused on the tumor-specific expression of these 
genes, our study highlights their role in both the autoim-
mune context of HT and the malignancy of TC, suggesting 

that these genes may act as molecular players that bridge 
the inflammatory processes of HT and the progression 
of TC. The identification of these common markers is a 
unique aspect of our research, as it brings together the 
molecular understanding of HT as an autoimmune thyroid 
disease and TC as a cancerous condition, shedding light on 
their potential shared pathways and mechanisms. Moreo-
ver, the significant increase in gene expression levels of 

Fig. 10   CLTA and EDIL3 knockdown and functional assays in TPC1 
cells. A RT-qPCR analysis confirming the successful knockdown 
of CLTA in TPC1 cells using siRNA. B Western blot analysis con-
firming the reduced protein expression of CLTA in TPC1 cells after 
siRNA treatment. C Cell proliferation assay showing a significant 
decrease in cell proliferation in si-CLTA and si-EDIL3 cells com-
pared to control cells. D Colony formation assay demonstrating that 

si-CLTA and si-EDIL3 cells formed significantly fewer colonies com-
pared to control cells. F Wound healing assay showing significantly 
reduced wound closure in si-CLTA and si-EDIL3 cells compared 
to control cells. G Time-lapse analysis of wound healing showing 
delayed wound closure in si-CLTA and si-EDIL3 cells, further con-
firming that the knockdown of these genes results in impaired migra-
tion and invasion of TPC1 thyroid cancer cells. P**-value < 0.01
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CLTA, EDIL3, HAPLN1, and HIP1 in TC cell lines, par-
ticularly when compared to normal thyroid cells, along 
with the strong diagnostic performance evidenced by high 
AUC values in ROC curve analyses, is a novel contribu-
tion to the field.

Additionally, while studies have examined promoter 
methylation in cancer and autoimmune diseases [51–55], our 
analysis of hypomethylation in the promoters of these hub 
genes in TC provides novel insight into their potential epi-
genetic regulation. These findings suggest that DNA meth-
ylation could be a key mechanism driving the expression of 
these genes in both conditions, which has not been widely 
explored in the context of HT and its association with TC.

The functional roles of the hub genes CLTA, EDIL3, 
HAPLN1, and HIP1 in tumor progression, immune modu-
lation, and cell migration have been well-documented in 
various cancers [48, 56–58], and our study builds upon this 
existing knowledge by providing new insights into how these 
genes may contribute to both the inflammatory processes 

in HT and the malignant transformation in TC. Previous 
research has suggested that alterations in the expression of 
these genes promote immune evasion, tumor progression, 
and metastasis [59]. For instance, CLTA has been linked to 
immune cell trafficking and cellular adhesion in cancer [59], 
EDIL3 has been associated with angiogenesis and immune 
modulation [49], and HIP1 and HAPLN1 have been shown 
to influence cancer cell migration and invasion [60]. How-
ever, these findings were typically isolated to specific can-
cers and did not explore the dual role of these genes in both 
autoimmune and cancerous thyroid conditions. We further 
demonstrated that the upregulation of these hub genes is 
associated with negative correlations with various immune 
cell types in the tumor microenvironment, indicating that 
these genes may play a critical role in immune suppression. 
In TC, this immune evasion may contribute to the tumor’s 
ability to avoid immune surveillance, potentially facilitating 
the transition from inflammation to malignancy [61].

Fig. 11   Activation of the Rap1 signaling pathway by CLTA and 
EDIL3 in TC. A Correlation analysis between CLTA and EDIL3 with 
the activators Rap1A and C3G in TC using the GEPIA2 database. B 
RT-qPCR analysis of the expression of Rap1A and C3G in Ctrl and 

siRNA-treated (si-CLTA and si-EDIL3) CAL62 cells. C Crosstalk 
between CLTA and EDIL3 in activating the Rap1 signaling pathway. 
P**-value < 0.01
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The KEGG pathway analysis further distinguishes our 
study by showing that CLTA and EDIL3 are associated with 
the Rap1 signaling pathway, which plays a crucial role in 
cellular adhesion, migration, and immune modulation. While 
these associations suggest potential involvement in TC pro-
gression and the inflammatory processes characteristic of 
HT, the current evidence primarily consists of expression 
data obtained via the RT-qPCR analysis. These results alone 
are insufficient to conclusively demonstrate their functional 
involvement through the Rap1 signaling pathway. Therefore, 
further experimental validation, such as functional assays to 
examine the downstream effects of Rap1A/C3G in this con-
text, is required to confirm these interactions. At this stage, 
while the associations identified in this study provide a basis 
for further investigation, it is important to note that the inter-
pretation of these relationships mainly remains speculative. 
Further experimental work will be essential to confirm the 
functional relevance of Rap1 signaling in TC progression 
and its potential role in the inflammatory processes associ-
ated with HT.

Concerning the clinical diagnostic significance of this 
study, the identification of hub genes such as CLTA, EDIL3, 
HAPLN1, and HIP1, which are upregulated in TC and HT 
and could serve as potential biomarkers for early diagnosis 
and improved patient management. The concurrent diagno-
sis of TC and HT is essential because the presence of HT 
may influence the molecular landscape of TC, as evidenced 
by the shared differentially expressed genes between both 
diseases. Identifying these common molecular players could 
enhance diagnostic accuracy, especially in cases where TC 
may be masked or exacerbated by the underlying inflamma-
tion in HT. Furthermore, distinguishing between HT patients 
with normal and abnormal thyroid function could refine the 
diagnostic approach, as patients with abnormal thyroid func-
tion may exhibit more aggressive disease features or higher 
risk for progression to TC. This differentiation could lead 
to more personalized treatment plans, where patients with 
abnormal thyroid function might require closer monitoring 
or early intervention, improving patient outcomes and ensur-
ing more effective management of both HT and TC.

While this study provides valuable insights into the 
potential roles of hub genes CLTA, EDIL3, HAPLN1, and 
HIP1 in TC and HT, there are several limitations that need 
to be addressed. First, this study relies heavily on datasets 
from public repositories and cell-line-based models, which 
may not fully replicate the complexity and heterogeneity of 
human tumors in vivo. Additionally, all the datasets used 
in this study contain TC samples in general without differ-
entiating between subtypes such as PTC, FTC, MTC, and 
ATC. These subtypes have distinct molecular and cellular 
origins, which could influence their interaction with HT, and 
this heterogeneity has not been fully explored in our analy-
sis. Furthermore, the mutational and CNV data provided 

are based on TC samples, but the heterogeneity of these 
mutations and their potential interactions with other genetic 
or environmental factors need to be explored in more detail. 
Additionally, while miRNA regulatory analyses suggest a 
possible mechanism for gene regulation, these findings need 
experimental validation through in vivo studies to assess 
the role of miRNAs in modulating gene expression. Lastly, 
clinical sample-based validation is crucial to confirm the 
relevance of these findings in the context of patient-derived 
tissues. Future studies should focus on incorporating clinical 
samples to further validate the expression patterns of hub 
genes and their potential as diagnostic biomarkers. Addition-
ally, comprehensive in vivo validation and functional assays 
are needed to confirm the biological relevance of these genes 
in the progression of TC and HT, including the exploration 
of potential differences between TC subtypes.

Conclusion

In conclusion, our study provides a comprehensive molecu-
lar analysis of shared biomarkers between Hashimoto's 
thyroiditis and thyroid cancer. By identifying common hub 
genes, CLTA, EDIL3, HAPLN1, and HIP1, we shed light 
on the molecular mechanisms that underlie the connection 
between these two diseases. The diagnostic and prognostic 
potential of these genes, combined with their role in immune 
regulation and drug resistance, offers new avenues for tar-
geted therapies and early detection strategies. Our findings 
provide a foundation for future research aimed at develop-
ing clinical tools that can differentiate between HT and TC, 
ultimately improving patient outcomes by enabling more 
precise diagnosis and personalized treatments.
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www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc = GSE138198, respec-
tively. Additional data supporting the findings of this study are avail-
able from the corresponding author upon reasonable request. Addi-
tional data supporting the findings of this study are available from the 
corresponding author upon reasonable request.
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