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Deciphering the role of Hashimoto’s i

Thyroiditis-related key genes in thyroid
cancer via detailed in silico analysis followed
by the experimental validation
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Abstract

Background Thyroid cancer, characterized by significant genetic and epigenetic alterations, remains a critical focus
of molecular oncology. This study investigates eight key genes (BRAF, EIF1 AX, FOXE1, KRAS, PDGFRA, PIK3 CA, PTEN,
and TERT) that are deregulated in Hashimoto's Thyroiditis and their roles in thyroid cancer.

Methods Cell culture, nucleic acid extraction, RT-gPCR, bisulfite sequencing, and various in silico tools and databases.

Results Expression analysis using RT-gPCR revealed significant (p-value < 0.05) down-regulation of BRAF, EIF1 AX,
FOXET, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT genes in thyroid cancer cell lines compared to controls, with ROC
curves indicating high diagnostic accuracy (AUC 0.93-0.99). Bisulfite sequencing demonstrated increased promoter
methylation across all eight genes in cancerous samples, suggesting epigenetic silencing as a regulatory mechanism.
Validation through UALCAN, OncoDB, and HPA confirmed reduced gene and protein expression in additional thyroid
cancer cohorts. Genetic alteration analysis via cBioPortal showed prevalent BRAF mutations, whereas other genes
exhibited fewer alterations. Kaplan—-Meier survival analysis linked lower expression of BRAF and PIK3 CA to poorer
overall survival. Correlation studies using TISIDB and TISCH2 databases highlighted associations between gene expres-
sion and immune modulation, revealing significant correlations with immune cell infiltration and diverse immune
subtypes. Moreover, miRNA-MRNA network analysis identified hsa-mir- 628 -5p as a critical regulator targeting these
genes. The impact of BRAF overexpression on SW579 cells was assessed through various functional assays. Over-
expression of BRAF resulted in reduced cell proliferation, colony formation, and wound healing, which may reflect
context-dependent effects. While BRAF is typically oncogenic, its overexpression may lead to cellular stress or nega-
tive feedback mechanisms that impair these processes.

Conclusion This comprehensive analysis elucidates the complex regulatory landscape of these genes in thyroid
cancer, emphasizing the significant role of epigenetic modifications and providing insights into potential diagnostic
and therapeutic avenues.
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Introduction

Thyroid cancer is the most common malignancy of the
endocrine system, with a steadily increasing incidence
worldwide [1]. In 2023, the incidence of thyroid cancer
continues to show an upward trend globally, making it
one of the most rapidly increasing malignancies [2, 3].
According to recent epidemiological data, the rise in thy-
roid cancer cases is particularly notable among women,
who are three times more likely to be diagnosed with
this disease than men [4, 5]. Factors contributing to this
increase include advancements in diagnostic techniques,
such as high-resolution ultrasound and fine-needle aspi-
ration biopsies, leading to the detection of smaller and
asymptomatic tumors [6-9]. Additionally, environmen-
tal and genetic factors, as well as exposure to radiation,
have been identified as significant risk contributors [10,
11]. Despite the growing incidence, the mortality rate for
thyroid cancer remains relatively low due to the generally
favorable prognosis of the most common types, like pap-
illary thyroid carcinoma, when detected early and man-
aged appropriately [1, 7, 12]. This cancer encompasses
a variety of histological types, including papillary, folli-
cular, medullary, and anaplastic thyroid carcinoma [13].
Among these, papillary thyroid carcinoma (PTC) is the
most prevalent, known for its generally favorable prog-
nosis. However, the clinical course of thyroid cancer can
vary significantly, and the presence of autoimmune thy-
roid diseases [14], particularly Hashimoto’s Thyroiditis
(HT), has been implicated in altering the risk and pro-
gression of thyroid malignancies [15, 16].

HT is a chronic autoimmune disorder characterized by
lymphocytic infiltration and progressive destruction of
thyroid tissue [16, 17]. This condition is associated with
an increased risk of developing thyroid cancer, particu-
larly PTC. The precise molecular mechanisms underlying
the association between HT and thyroid cancer remain
an area of active research. However, dysregulation of cer-
tain key genes has been recognized as a critical factor in
this process. In our study, we focus on eight such genes—
PDGFRA, TERT, BRAF, KRAS, PIK3 CA, PTEN, FOXEL],
and EIF1 AX—which play significant roles in both HT
and thyroid cancer. These genes were selected for this
study based on a comprehensive literature review, which
highlighted their broad associations with HT and thyroid
cancer and their roles in various cancer-related pathways.
These genes have been extensively studied individually
in the context of HT and thyroid cancer, but their collec-
tive analysis has not been explored before. The novelty of
this study lies in the fact that these genes have not been
analyzed together through both in silico and in vitro
methods in the context of thyroid cancer. By combining
these approaches, this study provides new insights into
the molecular mechanisms underlying HT-associated
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thyroid cancer, offering a more comprehensive under-
standing of the interactions between these key genes in
the development and progression of thyroid cancer.
Given the pivotal roles these genes play in the patho-
genesis of thyroid cancer and their dysregulation in the
context of HT, our study aims to analyze their diagnostic,
prognostic, and therapeutic values using a comprehensive
in silico [18, 19] and molecular experimental approach
[20, 21]. Understanding the molecular alterations in these
genes can provide insights into the mechanisms linking
HT to thyroid cancer, aid in the identification of poten-
tial biomarkers for early detection, and inform targeted
therapeutic strategies to improve patient outcomes.

Methodology

Cell culture

A total of 12 thyroid cancer cell lines, BHP 5-16, 8505 C,
TPC- 1, FTC- 133, K1, BCPAP, SW579, WRO, CAL- 62,
OCUT- 2, Nthy-ori 3-1, and ML- 1 and six normal thy-
roid cell lines, Nthy-ori 3—1, HTori- 3, Thy- 3, TE 354.T,
and TTA1 were purchased from American Type Culture
Collection (ATCC). Ethical approval was not required for
this study as it involved the use of commercially available,
immortalized cell lines that do not involve human or ani-
mal subjects. These cell lines were cultured in Dulbecco’s
Modified Eagle Medium (DMEM), supplemented with
10% fetal bovine serum (FBS) and 1% penicillin—strep-
tomycin. Additional supplements, such as sodium pyru-
vate, non-essential amino acids, or specific hormones
like thyrotropin (TSH) were also added. All cultures are
maintained at 37 °C in a humidified atmosphere contain-
ing 5% CO,,.

Nucleic acid extraction

DNA and RNA were extracted from the cell lines using
organic methods [22, 23]. Initially, the cells were lysed to
release DNA and RNA from the cellular matrix. Organic
solvents, such as phenol—chloroform, were then used to
separate the nucleic acids from proteins and other cellu-
lar components. Following this, isopropanol or ethanol
was used to precipitate and concentrate the DNA and
RNA into visible pellets. These nucleic acid pellets were
washed with ethanol to remove any residual contami-
nants. Finally, the purified DNA and RNA were resus-
pended in appropriate buffers.

Synthesis of the cDNA

cDNA was synthesized using the RevertAid First Strand
¢DNA Synthesis Kit (Thermo Scientific) following the
manufacturer’s instructions. RNA templates were first
adjusted to a concentration of 0.5-1 pg per reaction.
Each sample was then combined with 1 pl of oligo dT and
incubated at 65 °C for 5 min. Following this, a mixture
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containing 1 pl of primer, nuclease-free water up to 12
ul, 4 pl of 5X reaction buffer, 1 ul of Ribolock RNase
inhibitor, 2 ul of 10 mM dNTP mix, and 1 ul of RevertAid
M-MuLV RT was added. The samples were mixed thor-
oughly, briefly centrifuged, and incubated for 60 min at
42 °C, followed by 5 min at 70 °C.

RT-qPCR analysis
The RT-qPCR reaction mixture consisted of 10 pl of Sen-
siFast Lo-ROX reagent (Bioline), 0.8 pl of a primer mix-
ture containing forward and reverse primers, 1 pl of the
c¢DNA sample, 0.1 pl of Taq polymerase, and 8.1 pl of
distilled water, resulting in a total volume of 20 ul. The
reactions were carried out using the QuantStudio 5 sys-
tem (Thermo Fisher Scientific) according to the manu-
facturer’s instructions. Positive signals from the amplified
product were detected at the conclusion of the annealing
step. All samples were run in duplicates. GAPDH was
used as the reference gene for expression normalization,
and its expression was evaluated alongside all candidate
genes. GAPDH was chosen as the reference gene based
on its widespread use and assumed stable expression
under the experimental conditions.

The amplification results were computed using the sub-
sequent formula:

AACt = ACt (a target sample) — ACt(a reference sample)

The details of primer used are given in Table 1:
Bisulfite sequencing

For the construction of normal BS-seq libraries, 10
pg of genomic DNA was fragmented using a Covaris

Table 1 Detail of the primers
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sonication system (Covaris S2). After fragmentation,
libraries were prepared according to the Illumina Paired-
End protocol, which included end repair, addition of <A
>bases, and ligation of methylated adaptors. The ligated
DNA was then subjected to bisulfite conversion using
the EZ DNA Methylation-Gold kit (ZYMO) and subse-
quently amplified by PCR. The PCR amplification was
carried out using the JumpStart" Taq DNA polymerase
kit (Sigma-Aldrich), in a final volume of 50 pl, containing
20 pl of purified DNA, 4 pl of 2.5 mM dNTP, 5 pl of 10X
buffer, 0.5 pl of JumpStart " Taq DNA polymerase, 2 pl of
10 uM PCR primers, and 37.5 pl of water. The thermal
cycling program included an initial denaturation at 94 °C
for 30 s, followed by 10 cycles of 94 °C for 30 s, 60 °C for
30 s, and 72 °C for 30 s, with a final extension at 72 °C for
1 min. Sequencing was then performed using the High-
Seq2000 platform (Illumina). Methylation calling was
performed using Bismark (v0.22.3) with a calling thresh-
old set at >0.25 for significant methylation events. The
methylation levels were normalized as beta values.

Expression analysis across pooled datasets

UALCAN [24, 25] and OncoDB [26] are invaluable
online resources for cancer research. UALCAN pro-
vides interactive analyses of cancer transcriptome data
from The Cancer Genome Atlas (TCGA), enabling the
exploration of gene expression patterns and clinical
associations across various cancer types. OncoDB, on
the other hand, offers comprehensive analysis tools for
gene expression profiling and interactive visualization
of RNA sequencing data, facilitating the discovery of
potential biomarkers and therapeutic targets in cancer.

Gene Primer Sequence Annealing Temperature (°C) Cycles (n)
GAPDH F ACCCACTCCTCCACCTTTGAC 59 35
GAPDH R CTGTTGCTGTAGCCAAATTCG

BRAF F AACGAGACCGATCCTCATCAGC 60

BRAF R GGTAGCAGACAAACCTGTGGTTG

EIF1T AX F GGGAAATGGACGGCTAGAAGCA 61

EIFT AX R TCCTGGTAGTCTCGGAGACCAA

FOXE1 F CACACTCAACGACTGCTTCCTC 60

FOXE1 R CAGGAAGCTGCCGCTCTCGAA

KRAS F CAGTAGACACAAAACAGGCTCAG 58

KRAS R TGTCGGATCTCCCTCACCAATG

PDGFRA F GACTTTCGCCAAAGTGGAGGAG 60

PDGFRA R AGCCACCGTGAGTTCAGAACGC

PIK3 CA F GAAGCACCTGAATAGGCAAGTCG 62

PIK3 CA R GAGCATCCATGAAATCTGGTCGC

TERT F GCCGATTGTGAACATGGACTACG 61

TERT R GCTCGTAGTTGAGCACGCTGAA
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These databases were utilized to validate the mRNA
expression of the BRAF, EIF1 AX, FOXE1, KRAS, PDG-
FRA, PIK3 CA, PTEN, and TERT genes across THCA-
TCGA datasets, containing 59 normal samples and 505
thyroid cancer samples, each.

The Human Protein Atlas (HPA) is a comprehensive
resource that maps the human proteome, offering valu-
able insights into protein expression patterns and locali-
zation across various tissues and cell types [27]. Through
extensive immunohistochemistry-based profiling and
antibody validation, HPA provides researchers with a
wealth of data on protein expression in both normal and
diseased tissues. In this work, HPA was utilized to vali-
date the expression of BRAF, EIF1 AX, FOXE1, KRAS,
PDGEFRA, PIK3 CA, PTEN, and TERT genes at the pro-
tein level in thyroid cancer tissue samples.

Promoter methylation levels of BRAF, EIF1 AX, FOXE1,
KRAS, PDGFRA, PIK3 CA, PTEN, and TERT genes

across pooled datasets

OncoDB [28] and GSCA [26] are integral resources for
cancer research, providing comprehensive platforms
for analyzing genomic alterations and gene expres-
sion profiles across various cancer types. OncoDB
offers curated multi-omics data, enabling researchers
to explore oncogenes, tumor suppressor genes, and
clinical annotations to elucidate cancer mechanisms.
GSCA specializes in gene expression analysis, facilitat-
ing the comparison of gene expression patterns and the
identification of molecular signatures associated with
cancer development and progression. In the present
work, OncoDB and GSCA were utilized to validate
the promoter methylation levels of the BRAF, EIF1
AX, FOXE1, KRAS, PDGFRA, PIK3 CA, PTEN, and
TERT genes in the pooled THCA-TCGA datasets. The
THCA-TCGA dataset available via OncoDB included
59 normal and 505 thyroid cancer samples, while the
THCA-TCGA dataset available via GSCA included 59
normal and 513 thyroid cancer samples.

Genetic alterations in BRAF, EIF1 AX, FOXE1, KRAS,
PDGFRA, PIK3 CA, PTEN, and TERT genes

cBioPortal is a widely used web-based platform that
offers visualization and analysis tools for exploring
large-scale cancer genomics datasets [29, 30]. It enables
researchers to interactively visualize genomic alterations
such as mutations, copy number variations, and gene
expression changes across various cancer types and sub-
types. Users can explore genetic alterations in individual
genes or pathways, correlate genomic alterations with
clinical outcomes, and identify potential therapeutic tar-
gets. In our study, the cBioPortal database was utilized to
conduct mutational analysis of BRAF, EIF1 AX, FOXEI,
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KRAS, PDGFRA, PIK3 CA, PTEN, and TERT genes in
Thyroid carcinoma (TCGA, Firehose legacy) dataset con-
taining 492 samples.

Survival analysis

cSurvival is a specialized database designed to facilitate
survival analysis in cancer research [31]. It provides a
user-friendly platform for investigators to explore and
analyze survival data derived from various cancer stud-
ies. With cSurvival, researchers can assess the prognos-
tic significance of specific genes, mutations, or clinical
variables in relation to patient survival outcomes. The
database offers robust statistical tools and visualiza-
tion options, enabling users to perform Kaplan—Meier
survival curves, Cox regression analysis, and subgroup
comparisons. In this study, the cSurvival database was
utilized for the survival analysis of BRAF, EIF1 AX,
FOXE1, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT
genes in thyroid cancer patients.

TISIDB database

The TISIDB serves as a comprehensive repository
integrating multidimensional data on tumor-immune
interactions [32]. Tailored for cancer immunology
research, it offers a user-friendly platform to explore
the intricate interplay between tumors and the
immune system. The database consolidates diverse
datasets, ranging from gene expression profiles to
immune cell infiltration levels, immunomodulatory
gene signatures, and clinical outcomes across multiple
cancer types. In our study, the TISIDB database was
employed to analyze the correlations of BRAF, EIF1
AX, FOXE1, KRAS, PDGFRA, PIK3 CA, PTEN, and
TERT genes with immune subtypes and immune mod-
ulator genes in thyroid cancer patients.

miRNA-mRNA network

miRNET is an extensive online resource specifically
designed for the analysis and visualization of miRNA-
target interactions and functional associations [33].
It integrates miRNA-target interactions from vari-
ous prediction algorithms and experimentally vali-
dated databases, providing users with a comprehensive
understanding of miRNA regulatory networks. In our
study, the miRNET database was utilized for con-
structing the miRNA-mRNA network of the BRAF,
EIF1 AX, FOXE1, KRAS, PDGFRA, PIK3 CA, PTEN,
and TERT genes.

Furthermore, the expression level of hsa-mir- 628 -5p
was evaluated using UALCAN and RT-qPCR assay, fol-
lowing the previously mentioned protocol. U6 was uti-
lized as the reference gene. The relative expression of
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hsa-mir- 628 -5p miRNA to U6 was determined using
the 2724 method. The following primers were employed
for amplifying hsa-mir- 628 - 5p and U6:

hsa-mir- 628 -5p-F: 5-GCAGTTCTAGTAAGAGTG
GCA-73

hsa-mir- 628 -5p-R: 5-GTCCAGTTTTTTTTTTTT
TTTCGAC- 3

U6-F: 5-CTCGCTTCGGCAGCACAT- 3

Immunolytic and drug sensitivity analysis

To analyze the correlations among immune cells infiltra-
tion level, drug sensitivity, and BRAF, EIF1 AX, FOXE],
KRAS, PDGFRA, PIK3 CA, PTEN, and TERT genes
expression across thyroid cancer, GSCA database [26]
was utilized in the current research.

CancerSEA

CancerSEA, also known as Cancer Single-cell State Atlas,
stands out as a distinctive database focusing on the anal-
ysis of single-cell RNA sequencing (scRNA-seq) data
within the context of cancer [34]. Unlike conventional
bulk RNA sequencing, scRNA-seq empowers research-
ers to delve into the heterogeneity of cancer cells at the
single-cell level, offering insights into various cell types,
states, and interactions within the tumor microenviron-
ment. By integrating scRNA-seq data from diverse cancer
studies, CancerSEA provides users with a comprehensive
platform to explore and analyze these data thoroughly. In
our study, CancerSEA was employed to unravel the cor-
relations of BRAF, EIF1 AX, FOXE1, KRAS, PDGFRA,
PIK3 CA, PTEN, and TERT genes with 14 essential func-
tional states within thyroid cancer.

Gene enrichment

DAVID is a widely used bioinformatics resource for
functional annotation and enrichment analysis of large
gene lists. It integrates diverse biological data sets [35],
including gene ontology annotations, protein—protein
interactions, and pathway information, to elucidate
the biological significance of gene sets. DAVID offers a
suite of tools for functional annotation, gene set enrich-
ment analysis, and visualization of functional annota-
tion charts and graphs. In the present work, DAVID
was used for the gene enrichment analysis of the BRAF,
EIF1 AX, FOXE1, KRAS, PDGFRA, PIK3 CA, PTEN,
and TERT genes.

Cell transfection

SW579 cells were cultured in DMEM (Dulbecco’s Modi-
fied Eagle Medium) supplemented with 10% FBS (Fetal
Bovine Serum) and 1% penicillin—streptomycin. Cells
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were maintained at 37 °C in a humidified atmosphere
with 5% CO,. To induce BRAF overexpression, cells
were transfected with a BRAF expression vector (pCMV-
BRAF) using Lipofectamine™ 3000 Transfection Reagent
(Thermo Fisher Scientific, Cat. No. L3000015) following
the manufacturer’s protocol. A control group was trans-
fected with an empty vector (pCMV).

Western blot analysis

Cells were lysed using RIPA Buffer (Thermo Fisher Sci-
entific, Cat. No. 89900) containing a protease inhibi-
tor cocktail (Thermo Fisher Scientific, Cat. No. 78429).
Protein concentration was quantified using the Pierce™
BCA Protein Assay Kit (Thermo Fisher Scientific, Cat.
No. 23227). Equal amounts of protein (30 pg) were
separated on a 10% SDS-PAGE gel and transferred to a
PVDF membrane (Thermo Fisher Scientific, Cat. No.
88518). Membranes were blocked with 5% non-fat milk
in TBST and incubated overnight at 4°C with primary
antibodies against BRAF (1:1000 dilution, Thermo Fisher
Scientific, Cat. No. PA5 -85114) and GAPDH (1:2000
dilution, Thermo Fisher Scientific, Cat. No. MA5 -15738)
as a loading control. After washing, membranes were
incubated with HRP-conjugated secondary antibod-
ies (Thermo Fisher Scientific, Cat. No. 31460) for 1 h at
room temperature. Protein bands were visualized using
SuperSignal ™ West Dura Extended Duration Substrate
(Thermo Fisher Scientific, Cat. No. 34075) and imaged
on a ChemiDoc " Imaging System.

Colony formation assay

Transfected SW579 cells were trypsinized and seeded
at a density of 500 cells per well in a 6-well plate. Cells
were cultured for 14 days, with medium changes every
3 days. Colonies were fixed with 4% paraformaldehyde
and stained with 0.5% crystal violet solution. The number
of colonies was counted manually. Each experiment was
performed in triplicate.

Cell proliferation assay

Cell proliferation was assessed using the Cell Count-
ing Kit- 8 (CCK- 8, Thermo Fisher Scientific, Cat. No.
A31122). Transfected cells were seeded in a 96-well plate
at a density of 3,000 cells per well. Cell viability was meas-
ured at 24-, 48-, and 72-h post-transfection by adding 10
uL of CCK- 8 solution to each well and incubating for 2 h
at 37 °C. The absorbance was measured at 450 nm using
a microplate reader. The proliferation rate was calculated
relative to the control group.

Wound healing assay
To evaluate cell migration, a wound healing assay was
performed. Transfected SW579 cells were seeded in



Abdel-Maksoud et al. Hereditas (2025) 162:91

6-well plates and grown to 90% confluence. A scratch was
made in the monolayer using a sterile pipette tip, and the
wells were washed with PBS to remove detached cells.
The cells were then incubated in serum-free DMEM.
Images of the wound area were captured at 0 and 24 h
using an inverted microscope. The wound closure was

A
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quantified using Image] software, and the percentage of
wound closure was calculated.

Statistics
The analysis utilized the t-test to assess group differences
for variables displaying a normal distribution. Evaluation

Gene Expression in Thyroid Cancer vs Control Samples
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Fig. 1 Differential gene expression through RT-gPCR and Receiver Operating Characteristic (ROC) Analysis. A Gene expression levels of BRAF, EIF1
AX, FOXE1, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT in thyroid cancer (red, n=12) compared to control cell lines (blue, n= 06) were measured using
RT-gPCR. Each box plot represents the distribution of expression levels for each gene, highlighting significant differences between thyroid cancer
and normal control cell lines. B ROC curves for each gene (BRAF, EIFT AX, FOXET, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT) illustrate their diagnostic
performance in distinguishing thyroid cancer from normal individuals. P*-value <0.05
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of the diagnostic potential of BRAF, EIF1 AX, FOXEI,
KRAS, PDGFRA, PIK3 CA, PTEN, and TERT gene
expression involved the receiver operating characteristic
(ROCQ) curve, with the area under the curve (AUC) serv-
ing as the diagnostic metric. Survival analyses were con-
ducted using Kaplan—Meier analysis, and log-rank test.
Correlations between variables were examined using
Spearman’s or Pearson’s test. All statistical tests were two-
sided, with significance set at p< 0.05. Statistical analyses
were performed using the R software (version 4.0.2).

Results

Expression and diagnostic performance analysis using
clinical samples

Expression analysis was conducted using RT-qPCR for
eight genes (BRAF, EIF1 AX, FOXE1, KRAS, PDGFRA,
PIK3 CA, PTEN, and TERT) in thyroid cancer versus
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control cell line samples. The results revealed that the
expression levels of these genes were significantly (p-value
<0.05) down-regulated in thyroid cancer cell lines com-
pared to control cell lines (Fig. 1A). Additionally, ROC
curve analysis demonstrated that these genes had high
sensitivity and specificity as biomarkers for distinguish-
ing thyroid cancer from control samples. The area under
the curve (AUC) values ranged from 0.93 to 0.99, indicat-
ing excellent discriminative power for each gene. Nota-
bly, PDGFRA (AUC =0.99) and BRAF (AUC =0.98)
showed particularly strong potential as diagnostic mark-
ers (Fig. 1B). Overall, the RT-qPCR analysis confirmed
that BRAF, EIF1 AX, FOXEL, KRAS, PDGFRA, PIK3 CA,
PTEN, and TERT were significantly down-regulated in
thyroid cancer cell lines. The high AUC values from the
ROC curves further validated the utility of these genes as
effective biomarkers for identifying thyroid cancer.
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Fig. 2 Promoter methylation analysis of BRAF, EIF1 AX, FOXET, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT Genes in Thyroid Cancer (red, n=12) vs.
Control Cell Lines (blue, n= 06). Each box plot shows the distribution of beta values (methylation levels) for each gene, indicating significantly
higher methylation in thyroid cancer samples compared to controls across all genes analyzed. P*-value <0.05
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Promoter methylation analysis via bisulfite sequencing

Promoter methylation analysis was performed using the
bisulfite sequencing method. The results demonstrated
that the promoter methylation levels of BRAF, EIF1 AX,
FOXE1, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT
genes in thyroid cancer cell line samples (n= 12) were
significantly (p-value <0.05) higher compared to con-
trol cell line samples (n= 06), as illustrated by the beta
values representing the degree of methylation (Fig. 2).
Thyroid cancer samples (represented in red) consistently
exhibited higher beta values than control samples (rep-
resented in blue), indicating a significant (p-value <0.05)
increase in promoter methylation in the cancerous cell
lines (Fig. 2). This uniform pattern of increased methyla-
tion across these genes suggests that promoter hyper-
methylation is a common mechanism contributing to the
down-regulation of gene expression in thyroid cancer.

Gene expression validation using additional cohorts
The expression validation of BRAF, EIF1 AX, FOXEI,
KRAS, PDGFRA, PIK3 CA, PTEN, and TERT genes

>
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in thyroid cancer cohorts was performed utilizing
three different databases: UALCA, OncoDB, and the
HPA. The results showed that for all the genes ana-
lyzed (BRAF, EIF1 AX, FOXE1, KRAS, PDGFRA, PIK3
CA, PTEN, TERT), there was a general trend of sig-
nificantly (p-value <0.05) lower expression levels in
thyroid cancer samples compared to normal tissues.
Boxplots displaying the transcript levels per million
for each gene in normal (blue) and thyroid cancer
(red) samples from the UALCAN and OncoDB data-
bases illustrated this trend (Fig. 3A-B). Additionally,
immunohistochemical staining images for the same
set of genes in thyroid cancer tissues, obtained from
the HPA database, showed low staining intensity for all
genes (Fig. 3C). This suggests that the protein expres-
sion levels of these genes were also down-regulated in
thyroid cancer patients.

Promoter methylation validation using additional cohorts
The comprehensive validation analysis of promoter meth-
ylation and its effects on gene expression and survival
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Fig. 3 Comparative expression validation analysis of BRAF, EIF1 AX, FOXE1, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT Genes in Thyroid Cancer

and Normal Control Tissue Samples using UALCAN, OncoDB, and HPA Databases. A mRNA expression levels of BRAF, EIF1 AX, FOXET, KRAS, PDGFRA,
PIK3 CA, PTEN, and TERT in thyroid cancer (n = 505) versus normal samples (n= 59), analyzed using the UALCAN database. B mRNA expression
analysis of the same set of genes in thyroid cancer (n= 505) samples compared to normal tissue samples (n= 59) using the OncoDB database.

C Immunohistochemical staining of BRAF, EIF1 AX, FOXET, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT proteins in thyroid cancer tissues, obtained

from the Human Protein Atlas (HPA) database. The images show low staining levels for each protein in thyroid cancer samples, providing a visual

confirmation of the gene expression data. P*-value <0.05
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in thyroid cancer was conducted using data from the
OncoDB and GSCA databases. Results from the OncoDB
database indicated that BRAF, EIF1 AX, FOXE1l, KRAS,
PDGEFRA, PIK3 CA, PTEN, and TERT genes exhibited
significantly (p-value <0.05) higher beta values, indi-
cating increased promoter methylation in thyroid can-
cer samples compared to normal tissues (Fig. 4A). The
GSCA database revealed a negative correlation between
promoter methylation and mRNA expression for these
genes, suggesting that hypermethylation leads to gene
silencing (Fig. 4B). Additionally, analysis of survival met-
rics showed that higher methylation levels were associ-
ated with poorer survival outcomes, emphasizing the
potential of promoter methylation as a prognostic bio-
marker in thyroid cancer (Fig. 4C). These findings high-
light the significant role of epigenetic modifications in
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gene regulation and their prognostic implications in thy-
roid cancer.

Genetic alteration analysis

A comprehensive analysis of genetic alterations in BRAF,
EIF1 AX, FOXE1l, KRAS, PDGFRA, PIK3 CA, PTEN,
and TERT genes and their impact on survival outcomes
was performed in a cohort of 492 thyroid cancer samples
using the cBioPortal database. In total, 60.57% (298 out
of 492) of the samples exhibited genetic mutations, with
BRAF mutations being the most prevalent, found in 58%
of the samples (Fig. 5A). Other genes, including EIF1 AX,
KRAS, PIK3 CA, PTEN, TERT, FOXE1, and PDGFRA,
showed alterations in 2% or fewer samples (Fig. 5A). The
mutations were categorized into SNPs (single nucleotide
polymorphisms), insertions (INS), and deletions (DEL),
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Fig. 5 Mutation landscape and clinical impact of BRAF, EIF1 AX, FOXE1, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT Genes in Thyroid Cancer Patients
via cBioPortal. A Mutation frequency and type in BRAF, EIF1 AX, FOXET, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT genes. B Mutation classification
and distribution in BRAF, EIF1 AX, FOXE1, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT genes across thyroid cancer patients. C Kaplan-Meier plot
comparing progression-free survival between patients with altered (red) and unaltered (blue) gene profiles. D Kaplan-Meier plot comparing
disease-free survival between patients with altered (red) and unaltered (blue) gene profiles. P-value <0.05

with SNPs being the most common. The SNV (single
nucleotide variant) class distribution revealed that C>
T transitions were particularly prevalent (Fig. 5B). These
mutations, especially in key genes like BRAF and KRAS,
are known to affect critical signaling pathways involved
in cell proliferation, apoptosis, and tumorigenesis. For
instance, BRAF mutations, particularly the V60OE vari-
ant, lead to the activation of the MAPK/ERK pathway,
contributing to uncontrolled cell growth and resistance
to apoptosis. Similarly, mutations in KRAS often result
in the constitutive activation of the RAS/MAPK pathway,
which is implicated in several cancer types. Alterations
in genes such as PIK3 CA and PTEN affect the PI3 K/
AKT pathway, which regulates cell survival, growth, and
metabolism. Kaplan—Meier curves comparing progres-
sion-free survival (PFS) and disease-free survival (DFS)
between samples with genetic alterations (altered group)
and those without (unaltered group) showed no signifi-
cant differences, with Logrank test p-values of 0.361 for
PES and 0.443 for DFS, indicating no significant survival
advantage or disadvantage associated with the presence

of genetic alterations in this cohort of thyroid cancer
patients (Fig. 5C-D).

Survival analysis

The Kaplan—Meier survival analysis of BRAF, EIF1 AX,
FOXE1, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT
genes, comparing survival probabilities between high
and low expression groups across thyroid cancer patients
was conducted using cSurvival database. For most genes
(EIF1 AX, FOXEL, KRAS, PDGFRA, PTEN, and TERT),
survival curves show no significant difference between
high and low expression, with similar numbers of patients
at risk and cumulative events (Fig. 6). However, BRAF
and PIK3 CA exhibit some differences. Lower expression
of BRAF and PIK3 CA shows a notable separation, with
lower expression linked to a significantly (p-value <0.05)
lower overall survival probability and higher cumula-
tive events (Fig. 6). These findings indicate that, for the
majority of genes analyzed, no meaningful survival differ-
ences were observed, and conclusions drawn from these
analyses should be interpreted with caution. Further
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investigation may be needed to confirm these trends
(Fig. 6).

Correlation analysis of BRAF, EIF1 AX, FOXE1, KRAS,
PDGFRA, PIK3 CA, PTEN, and TERT expression with immune
modulators genes and immune subtypes of thyroid cancer
Correlation analysis of BRAF, EIF1 AX, FOXE1, KRAS,
PDGFRA, PIK3 CA, PTEN, and TERT expression with
immune modulator genes and immune subtypes of thy-
roid cancer was conducted using the TISIDB database.
Heatmap analysis revealed mixed correlations between
these genes and various immune modulator genes, sug-
gesting that these genes may be involved in the down-
regulation of key immune modulator genes in thyroid
cancer (Fig. 7A). Additionally, violin plots comparing the
expression levels of these genes across different immune
subtypes of thyroid cancer (C1 to C6) indicated signifi-
cant expression differences. Notably, BRAF expression
was higher in subtypes C3 and C4, while TERT showed
elevated expression in subtypes C1 and C2 (Fig. 7B).
These expression patterns emphasize the potentially
diverse roles that BRAF, TERT, and other genes may play
in shaping the immune landscape of different thyroid
cancer subtypes, potentially influencing immune evasion
and response.

Single-cell sequencing data analyses

The expressions of BRAF, EIF1 AX, FOXE1l, KRAS,
PDGERA, PIK3 CA, PTEN, and TERT in immune cells
within thyroid cancer were analyzed using the TISCH2
database. The results revealed significant increases in
the expression of BRAF, EIF1 AX, KRAS, PIK3 CA, and
TERT genes across all types of immune cells in thyroid
cancer, indicating their variability and potential regula-
tory roles in the immune microenvironment (Fig. 8). In
contrast, FOXE1 and PDGFRA exhibited significantly
higher expression only in a limited number of immune
cell types (Fig. 8). These findings suggest that BRAF,
EIF1 AX, KRAS, PIK3 CA, and TERT genes are critical
in modulating the immune microenvironment of thyroid
cancer cells, potentially influencing immune response
and tumor progression.

miRNA-mRNA network construction and analysis

The miRNA-mRNA network for PTEN, KRAS, PDG-
FRA, FOXE1, PIK3 CA, BRAF, TERT, and EIF1 AX
genes was constructed using the miRNET database.
The PPI network in Fig. 9A illustrates miRNAs target-
ing these eight genes, highlighting hsa-mir- 628 -5p as
a key miRNA that targets all of them simultaneously.
The genes, shown in green, are connected to numerous
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Fig. 7 Correlation of BRAF, EIFT AX, FOXE1, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT Genes with Immune Modulator Genes and Immune Subtypes
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and a comprehensive list of immune modulator genes in thyroid cancer. B Violin plots representing the expression levels of BRAF, EIF1 AX, FOXET,
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miRNAs (in red), with hsa-mir- 628 - 5p standing out for
its unique role in potentially regulating the expression of
all eight genes, indicating its significant regulatory func-
tion in thyroid cancer (Fig. 9A). Expression analysis of
hsa-mir- 628 -5p was performed using the UALCAN
platform and RT-qPCR. The UALCAN data, derived
from TCGA, revealed a significant (p-value <0.05) down-
regulation of hsa-mir- 628 -5p in primary thyroid tumor
samples compared to normal tissues, as shown in the box
plot (Fig. 9B). Similarly, the RT-qPCR results for thyroid
cancer cell lines also demonstrated a significant (p-value
<0.05) down-regulation of hsa-mir- 628 -5p when com-
pared to control cell lines, further corroborating the

findings from the TCGA data (Fig. 9C). These results
suggest that hsa-mir- 628 -5p plays a critical role in the
regulation of the targeted genes in thyroid cancer.

Gene enrichment analysis

Gene enrichment analysis of PTEN, KRAS, PDG-
FRA, FOXE1, PIK3 CA, BRAF, TERT, and EIF1 AX
genes was conducted using the DAVID database. The
analysis revealed strong enrichment in various cellu-
lar components, molecular functions, biological pro-
cesses, and pathways associated with these genes. In
terms of cellular components (Fig. 10A), the genes
showed significant enrichment in the"RNA-directed
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Fig. 8 Distribution of BRAF, EIF1 AX, FOXE1, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT Gene Expression in Various Immune Cells in Thyroid Cancer
Patients. This figure illustrates the distribution of gene expression for BRAF, EIF1 AX, FOXET, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT across various
immune cells in thyroid cancer patients, analyzed using the TISCH2 database. P-value <0.05

RNA polymerase complex,"multiple phosphatidylino-
sitol 3-kinase complexes (Class 1B, IA, and Class I),
and the telomere cap complex, indicating their roles
in key cellular structures and functions. The molecu-
lar functions (Fig. 10B) associated with these genes
demonstrated significant enrichment in activities
like"platelet-derived growth factor-activated receptor
activity,""telomerase activity,"'RNA-directed DNA poly-
merase activity,"and"vascular endothelial growth factor
receptor activity."These functions point to their involve-
ment in cellular signaling, growth regulation, and DNA
synthesis.

The biological processes (Fig. 10C) highlighted in the
analysis showed that these genes are involved in"thyroid
gland development,"'negative regulation of endothelial
cell and neuron apoptotic processes,"and"endocrine
system development,'suggesting their roles in tissue
development and apoptosis regulation in thyroid cancer.
Additionally, the genes were significantly enriched in
several cancer-related pathways (Fig. 10D), particularly
in"melanoma,""glioma,""endometrial cancer,""EGFR
tyrosine kinase inhibitor resistance,"and other can-
cers such as'acute myeloid leukemia,"renal cell
carcinoma,"and"non-small cell lung cancer."These path-
ways emphasize the potential role of these genes in vari-
ous cancer types, particularly thyroid cancer.

Correlation analysis of PTEN, KRAS, PDGFRA, FOXE1, PIK3

CA, BRAF, TERT, and EIF1 AX genes with diverse functional

states, immune cells, and drug sensitivity in thyroid cancer
Initial exploration of correlations between the expression
of PTEN, KRAS, PDGFRA, FOXE1, PIK3 CA, BRAFE,
TERT, and EIF1 AX genes and 14 diverse functional
states of thyroid cancer was performed using the Can-
cerSEA database. The heatmaps in Fig. 11A-B showed
the correlations between these gene expressions and var-
ious functional states, including angiogenesis, cell cycle,
differentiation, DNA damage, epithelial-mesenchymal
transition (EMT), and stemness. The results revealed
that these genes were positively correlated withsome
of these functional states across thyroid cancer sam-
ples, suggesting their involvement in critical processes
such as tumor progression and metastasis (Fig. 11A).
Further analysis through the GSCA database (Fig. 11B)
explored the correlation between gene expression and
immune cell infiltrates in thyroid cancer. Each dot in the
plot represented the correlation between a specific gene
and a particular type of immune cell. The results indi-
cated that the genes were predominantly positively cor-
related with immune cells, implying their potential role
in modulating the immune landscape of thyroid cancer.
For example, KRAS and TERT exhibited strong positive
correlations with immune cell types, including CD8 T,
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P*-value <0.05

iTreg, and Trl cells, suggesting their involvement in the
immune response within the tumor microenvironment
(Fig. 11B). Additionally, Fig. 11C presented correla-
tions between gene expression and drug sensitivity data
from the GDSC dataset. The down-regulation of PTEN,
KRAS, PDGFRA, FOXEL, PIK3 CA, BRAF, TERT, and
EIF1 AX was found to be associated with resistance to
several key drugs. Notably, BRAF expression showed
strong resistance to drugs like RDEA119 and selu-
metinib, both of which targeted BRAF mutations, indi-
cating the potential impact of these genetic alterations
on treatment efficacy (Fig. 11C).

Induction of BRAF overexpression in SW579 cells

and functional assays

The data presented in Fig. 12 provided a comprehen-
sive analysis of the impact of BRAF overexpression in
SW579 cells, which was achieved by expression vec-
tors. Figure 12A illustrated that the BRAF expression
levels in OE-BRAF-SW579 cells were significantly
(p-value <0.001) higher than in control cells, confirm-
ing successful overexpression at the mRNA level. This
finding was corroborated by the Western blot analysis

shown in Fig. 12B and supplementary data Fig. 1, which
demonstrated a substantial (p-value <0.001) increase
in BRAF protein levels in OE-BRAF-SW579 cells
compared to control cells. The quantification of this
increase was depicted in Fig. 12C, where the normal-
ized BRAF density was markedly (p-value <0.001)
higher in the overexpressing cells. Figure 12D revealed
that OE-BRAF-SW579 cells exhibited significantly
(p-value <0.001) reduced proliferation rates compared
to control cells. This suggested that elevated BRAF
levels might negatively impact cell division. These out-
comes were further supported by the results of the
colony formation assay shown in Fig. 12E and F, where
OE-BRAF-SW579 cells formed significantly (p-value
<0.001) fewer and smaller colonies, indicating a dimin-
ished capacity for long-term proliferation and survival.
The effects of BRAF overexpression also extended to
cell migration, as demonstrated by the wound healing
assay in Figs. 12G, H, and L. Images taken at 0 and 24
h (Fig. 12G) showed that wound closure was consider-
ably higher in OE-BRAF-SW579 cells than in control
cells. The quantitative analysis in Fig. 12H highlighted a
significant (p-value <0.001) increase in wound closure
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percentage in the BRAF overexpressing cells after 24 h.
The time-course analysis in Fig. 121 further confirmed
this trend, with OE-BRAF-SW579 cells displaying con-
sistently higher wound closure rates over the entire
observation period.

Discussion

Thyroid cancer, the most common malignancy of the
endocrine system, has seen rising incidence rates globally
[36, 37]. Despite advancements in diagnostic and thera-
peutic strategies [38—40], the molecular mechanisms
underlying thyroid cancer remain inadequately under-
stood, necessitating comprehensive studies to elucidate
these pathways. In particular, genes such as BRAF, EIF1
AX, FOXE1l, KRAS, PDGFRA, PIK3 CA, PTEN, and
TERT have been implicated in both thyroid cancer and
autoimmune conditions like HT, where dysregulation of
these genes can contribute to chronic inflammation and
subsequent tumorigenesis. Understanding the expres-
sion, methylation, and genetic alterations of these genes
can uncover critical insights into thyroid cancer patho-
genesis and potential therapeutic targets [41-43].

Our study reveals that the expression levels of BRAF,
EIF1 AX, FOXEL, KRAS, PDGFRA, PIK3 CA, PTEN, and
TERT are significantly down-regulated in thyroid cancer
cell lines compared to controls. The ROC curves for these
genes exhibit high sensitivity and specificity, with AUC
values ranging from 0.93 to 0.99, suggesting their strong
potential as diagnostic biomarkers. BRAF and KRAS are
critical components of the MAPK/ERK and PI3 K/AKT
signaling pathways, and their down-regulation can cause
compensatory changes that lead to aberrant cell behav-
ior and tumorigenesis [44—46]. EIF1 AX, involved in pro-
tein synthesis, when down-regulated, can impair cellular
homeostasis and stress responses, favoring oncogenic
mutations [47, 48]. FOXE], essential for thyroid differen-
tiation, when down-regulated, can result in undifferenti-
ated, proliferative cells [49]. PDGFRA and PIK3 CA, both
important for cell growth and survival signaling, when
down-regulated, can disrupt these pathways, promoting
cancer through alternative oncogenic mechanisms [50,
51]. PTEN, a tumor suppressor, when down-regulated,
leads to increased PI3 K/AKT pathway activity, enhanc-
ing cell survival and proliferation [52]. Lastly, TERT, cru-
cial for telomere maintenance, when down-regulated, can



Abdel-Maksoud et al. Hereditas (2025) 162:91 Page 16 of 20
A e . 933 B Correlation between expression and immune infiltrates in THCA
:l |
a1 O @ @O - O@O 000 @OOO0O 0O~ 0000
- Correlation
RO O0O0@O 000 00 0@OO - O o-@0-0 N
B N = o
kras{ 0 @@ © 0o o 0O o ©oo0o0o o o oo
W — 0.6
T;. g 3 oA Q@000 00000 @00 °00@°@ Log10(FDR)
2 = 3 O 2.
E g & BraAr{OQO0QO0O00-0°-"0-0000000@ 0@ O 82;3
s E 7.5
3 N {@@ - 0000 0000000°0°0000O g
s roxe1 {@ - OO0 OO0 0@0 - @Q00 - @000 0@OO | TN
o >0.05
§ eFiax @ 00 - O 000 - QO0Oo0o0-0O-0o0 ~000
==

] [~} ]
2 @ 3 9&‘2 . S S N (@< <> o‘* oa. /‘@& Qv‘ RPN /\& o, \@d@oq, 2 G\o*“ﬁ,@ V\*ﬁ\x\v\/\
I E & &S 25 & <
] s [ DR S °<':‘ +°
Q& s &5
e <
sonsusjoRIEYD Cell type
@
w 232 C Correlation between GDSC drug sensitivity and mRNA expression
il B |
BRAFFO O OO0 0000000000000 O0O0O0O0
Correlation
[ I 2
‘fg:/ EFIAX{O O O O @ O oo o o [el-N®]
=] N . 0.0
2 kRAs1O O © O © 0 0O o] ©@o@®0o0
o2 -,
D,
3 ) = FOXEl
8 P, B © -0 @ ©e -Log10(FDR)
2 %, & £ O 25
o) & 2 > x
g 2 e & TERT{O O O o o 09000000 Q so
g 5% 8 O s
2 &8 5
S % 8 O 100
o 40 PIK3CA{ O O O o [ X N N NoNe)
: % FDR
] %, PDGFRA o O o O o (e} o o CmGioS
5 &y =0.
g \,"" >0.05
£ g PTEN ce@0®@o0®
©
2 2%
N '1' L & Q’\— 'l \Y\ ,\'\ Q;’) ’],V Y‘ (} x Q“) 2>
B 2‘\(;\9 S ""\0«,’“;1""10 oo d;\hv,,,bm ! q,gb SV &*’b «‘6 “B"l?} o
SO °b¢°°o° e ® *“x QS W
S ety
s 6\2°
sonsuelRIRYD Drug

Fig. 11 Correlation Analysis of BRAF, EIF1 AX, FOXET, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT Genes Expression with Functional States,

Immune Cells, and Drug Sensitivity. A This panel displays the correlation between BRAF, EIFT AX, FOXE1, KRAS, PDGFRA, PIK3 CA, PTEN,

and TERT gene expression and 14 diverse functional states of thyroid cancer using CancerSEA database. B This dot plot shows the correlation
between the expression of PDGFRA, TERT, KRAS, PIK3 CA, BRAF, PTEN, FOXE1, EIF1 AX genes and immune cell infiltrates in thyroid cancer using
GSCA database. C This dot plot illustrates the correlation between BRAF, EIF1T AX, FOXET, KRAS, PDGFRA, PIK3 CA, PTEN, and TERT gene expression
and sensitivity to various drugs in the Genomics of Drug Sensitivity in Cancer (GDSC) dataset using GSCA database. P-value <0.05

cause genomic instability, driving oncogenic transforma-
tion [53]. Collectively, these gene down-regulations cre-
ate a cellular environment characterized by uncontrolled
proliferation, evasion of apoptosis, and genomic instabil-
ity, contributing to the development of thyroid cancer.
Our promoter methylation analysis via bisulfite
sequencing indicates increased promoter methylation
of these genes in thyroid cancer cell lines compared to
controls, which correlates with their down-regulated
expression. This hypermethylation-driven gene silencing
supports the notion that epigenetic modifications play a
crucial role in thyroid cancer [54, 55]. Previous studies
on thyroid cancer epigenetics have shown that promoter
hypermethylation plays a critical role in the down-regula-
tion of tumor suppressor genes and other key regulators
[56, 57]. Our findings are consistent with these reports,
highlighting the widespread promoter methylation across
several genes, including BRAF, EIF1 AX, FOXE1, KRAS,

PDGEFRA, PIK3 CA, PTEN, and TERT, in thyroid cancer
cell lines. Previous research has identified similar meth-
ylation patterns, particularly in genes such as BRAF [58],
which is known to be involved in thyroid carcinogen-
esis through activation of the MAPK signaling pathway.
Additionally, studies have reported that PIK3 CA, TERT,
and KRAS genes often exhibit methylation-mediated
silencing in various cancer types [59-61], including thy-
roid cancer, contributing to the development of a malig-
nant phenotype. These findings reinforce the idea that
promoter hypermethylation is a frequent and significant
mechanism of gene expression repression in thyroid can-
cer, potentially serving as both a marker for disease pro-
gression and a target for therapeutic intervention.

Our analysis of genetic alterations revealed a high
prevalence of BRAF mutations, present in 58% of the
thyroid cancer samples, with other genes showing muta-
tions in 2% or fewer samples. These alterations did not



Abdel-Maksoud et al. Hereditas (2025) 162:91

Page 17 of 20

125 i
A —+ B c 1.00 3}1 D
Ctrl-SW579 OE-BRAF-SW579 > = s
10.0 Z 590
™ 2 < = -
5 8o7s g =
8 75 ' - GAPDH % < —
é — 5 2s0
& L. 2050 5
= S
u SO - 3 8
g T = B S30
25 o BRAF £ &
= - 4
e
0.0 R _ 0.00 0
Ctl-SW579 OE-BRAF-SW579 Control-SW579 OE-BRAF-SW579 Control-SW579 OE-BRAF-SW579
OE-BRAF-SW579
E Ctr-SW579 OE-BRAF-SW579 =
i I . . S— R —
LT o g R0 2
o \) & %I r . - -
v F = " o A il
o y g gy ¥ %5 200
MY/ ~q * £
I b 4 ‘ s /q( % g
T A I A E
-A V. -y ' S >
3 A 4 S
o o) > . o e 5100 xxx
o Wi s T
75 3 R M- y
b ) 4 - gt 2" 'f |
P
” y ¥ ; .J‘ , b \ ‘T' 0
. el N o s . Control-SW579  OE-BRAF-SW579
G i H
Ctri-SW579 OE-BRAF-SW579

—
JC

Wound Closure (%)
n
o

Control-SW579  OE-BRAF-SW579

N
o

w
o

- Control-SW579
OE-BRAF-SW579

Wound Closure (%)
s 8

N\

o

0 5 10 15 20 25
Hours

Fig. 12 Effects of BRAF overexpression on proliferation, colony formation, and wound healing in SW579 cells. A BRAF expression levels in control
(Ctrl-SW579) and BRAF overexpressing SW579 cells (OE-BRAF-SW579) measured by gPCR. B Western blot analysis of BRAF and GAPDH (loading
control) in control (Ctrl-SW579) and OE-BRAF-SW579 cells. € Quantification of normalized BRAF protein density from Western blot analysis. (D)
Proliferation rates of control (Ctrl-SW579) and OE-BRAF-SW579 cells. E Representative images of colony formation assay for control (Ctrl-SW579)
and OE-BRAF-SW579 cells. F Quantification of colony numbers from the colony formation. G Representative images from the wound healing
assay at 0 h and 24 h for control and OE-BRAF-SW579 cells. H Quantification of wound closure percentage after 24 h for control (Ctrl-SW579)

and OE-BRAF-SW579 cells. I Time-course analysis of wound closure percentage over 24 h for control (Ctrl-SW579) and OE-BRAF-SW579 cells. ***p <

0.001

significantly impact progression-free or disease-free
survival, which is consistent with findings from other
studies, such as Romei et al., who reported that BRAF
mutations are common but not necessarily prognostic
in thyroid cancer [62]. Clinically, the presence of BRAF
mutations in thyroid cancer has important implications

for treatment strategies. In cases of advanced or meta-
static BRAF-mutant thyroid cancer, targeted therapies
such as BRAF inhibitors (e.g., vemurafenib and dab-
rafenib) and MEK inhibitors (e.g., trametinib) have
shown promise in clinical trials, offering a therapeu-
tic option for patients with refractory disease [63, 64].
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However, the clinical relevance of BRAF mutations as
a standalone marker for treatment selection remains
under investigation. Current treatment protocols for thy-
roid cancer primarily rely on surgery, radioactive iodine
therapy, and thyroid hormone suppression, with targeted
therapies considered for patients with progressive or
iodine-refractory disease Kaplan—Meier survival analysis
indicated that lower expression of BRAF and PIK3 CA is
associated with poorer overall survival, while other genes
did not show significant differences. This suggests that
BRAF and PIK3 CA could be potential prognostic bio-
markers. These results are in line with the study by Hara-
hap et al., which also identified BRAF and PIK3 CA as
key prognostic markers in cancer patients [65].

Our correlation analysis using the TISIDB database
shows significant mixed correlations between the stud-
ied genes and various immune modulators. Addition-
ally, these genes exhibited differential expression across
immune subtypes of thyroid cancer, highlighting their
diverse roles in the immune landscape. These find-
ings suggest that these genes may influence immune
responses in thyroid cancer, as supported by stud-
ies like those of Liotti et al. (2020), which explored the
immunological aspects of thyroid cancer [66]. Analysis
of single-cell sequencing data revealed that BRAF, EIF1
AX, KRAS, PIK3 CA, and TERT are significantly up-
regulated in various immune cells within thyroid can-
cer, underscoring their potential regulatory roles in the
immune microenvironment.

Our predicted miRNA-mRNA network via miRNET
database identified hsa-mir- 628 -5p as a key regula-
tor, targeting all eight critical genes, which were signifi-
cantly down-regulated in thyroid cancer. This miRNA
may play a central role in coordinating the expression
of these genes, as suggested by similar studies, such as
those by Guo et al. [67]. Our correlation analysis showed
positive correlations of BRAF, EIF1 AX, FOXE1, KRAS,
PDGEFRA, PIK3 CA, PTEN, and TERT genes with vari-
ous functional states of thyroid cancer, including angio-
genesis, cell cycle, and DNA damage. Additionally, these
genes positively correlated with immune cell infiltrates
and drug resistance, suggesting their roles in tumor pro-
gression and therapeutic responses.

Conclusion

In summary, our comprehensive study emphasizes the
clinical significance of BRAF, EIF1 AX, FOXE1, KRAS,
PDGEFRA, PIK3 CA, PTEN, and TERT in thyroid can-
cer. The down-regulation and hypermethylation of these
genes highlight their potential as diagnostic and prog-
nostic biomarkers. Furthermore, their interactions with
immune modulators and involvement in key cancer path-
ways provide insights into the molecular mechanisms
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underlying thyroid cancer, paving the way for potential
therapeutic strategies. Future research should focus on
further elucidating the mechanistic roles of these genes
and their interactions within the tumor microenviron-
ment, as well as developing targeted therapies to improve
patient outcomes. Future research should focus on vali-
dating these findings in larger and more diverse clinical
cohorts to confirm the relevance of these biomarkers in
real-world clinical settings. This could include investigat-
ing their role in different subtypes of thyroid cancer, as
well as their potential to guide personalized treatment
approaches. Furthermore, exploring therapeutic inter-
ventions targeting the pathways associated with these
genes, such as BRAF inhibitors for BRAF-mutant thy-
roid cancers, or epigenetic modulators for reversing the
hypermethylation of tumor suppressor genes, may offer
promising avenues for improving patient outcomes.
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