
npj | precision oncology Article
Published in partnership with The Hormel Institute, University of Minnesota

https://doi.org/10.1038/s41698-025-00932-7

Epigenomic profiling of papillary thyroid
carcinoma reveals distinct subtypes with
clinical implications
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So Hee Dho1, Seok-Mo Kim2 & Lark Kyun Kim1,3

Papillary thyroid carcinoma (PTC) is themost prevalent form of thyroid cancer with generally favorable
outcomes. However, surgeons often face challenges regarding optimal surgical timing, extent of
surgery, and identifying patients at risk for metastasis or progression to more aggressive subtypes.
The ongoing debate over immediate surgery versus active surveillance emphasizes the need for
reliable, minimally invasive diagnostic tools to inform surgical decision-making. This study aims to
develop an epigenetic biomarker-basedprediction systemusing fine-needle aspiration biopsy (FNAB)
samples to assess PTC aggressiveness preoperatively. We conducted a comprehensive analysis of
methylome data to identify approximately 7200 CpG islands with altered methylation levels in thyroid
cancer tissues. These candidate regions were further examined in our cohort of 55 PTC patients to
develop methylation-specific primers suitable for FNAB samples. Methylation patterns allowed us to
stratify patients into two distinct prognostic groups, one of which exhibited a poorer survival rate. Our
methylation-specific primers effectively classified FNAB samples into these groups, demonstrating
their potential as a preoperative tool for assessing tumor aggressiveness. This stratification aids in
informing surgical planning and personalizing treatment strategies. DNA methylation profiling of PTC
identifies key epigenetic biomarkers associated with tumor aggressiveness. Utilizing these
biomarkers in FNAB samples provides aminimally invasive method for preoperative risk assessment,
assisting surgeons in tailoring surgical interventions and potentially improving patient outcomes.

Papillary thyroid carcinoma (PTC) is the most prevalent subtype of
thyroid cancer, and its early detection through ultrasound screening
results in improved survival rates1–4. However, despite its typically
indolent nature, concerns persist regarding patient anxiety, optimal
timing for surgery, metastasis, and potential progression to aggressive
cancers, such as anaplastic thyroid cancer. The ongoing debate sur-
rounding the necessity of surgery highlights the need to develop
molecular-based early diagnostic markers to address these concerns.
Although conventional clinicopathological indicators offer some
insights, they remain insufficient for predicting PTC prognosis,
emphasizing the urgency for novel prognostic biomarkers in PTC
management5.

DNAmethylation, a pivotal epigenetic mechanism that regulates gene
expression, has emerged as a promising biomarker for cancer prognosis6,7. A
recent study by Grail Inc. on the development of a prognostic prediction
system based on machine learning and DNA methylation using non-
invasive liquid biopsy represents a significant advancement in this field8. It
demonstrates high specificity and extremely low false-positive rates across
various types of cancer. However, current research has predominantly
focused on highly lethal cancers, with less emphasis on achieving high
predictability for thyroid cancer.

Efforts to predict and diagnose diseases non-invasively using liquid
biopsy have yielded significant advancements in recent years9. However, its
effectiveness may not match that of direct tissue examination. In the case of
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thyroid cancer, tissues can be obtained through fine-needle aspiration
biopsy (FNAB), which is highly regarded for its minimal invasiveness and
provides a preoperative malignancy diagnosis with reduced patient
discomfort10,11. The discovery of highly specific biomarkers that enable
robust prognostic prediction using FNAB samples alone holds great pro-
mise for clinical applications.

This study aimed to delineate PTC subtypes by identifying differen-
tiallymethylatedCpG islands using targeted bisulfite sequencing in a cohort
of 55 patients with PTC and matched normal tissues. Through the analysis
of methylation level changes derived from The Cancer Genome Atlas
(TCGA) and public reduced-representative bisulfite sequencing (RRBS)
data (GSE107738), distinct differentially methylated regions (DMRs) were
identified12,13. Extensive molecular characterization of PTC subgroups was
conducted based on methylation levels, incorporating RNA sequencing
(RNA-seq) and Assay for Transposase-Accessible Chromatin (ATAC)
sequencing from public datasets (TCGA and GSE162515)12,14; this facili-
tated the identification of seven candidate genes that exhibited significant
differences in DNA methylation, RNA expression, and chromatin accessi-
bility between PTC subgroups. A sophisticated quantitative methylation-
specific PCR (qMSP) system was developed for the precise assessment of
DNA methylation levels in these genes. The qMSP system effectively dis-
tinguished between PTC subtypes based on methylation variation. Finally,
the feasibility of differentiatingPTC samples usingFNABcomplementedby
real-time PCR was explored.

Results
Identification of DMRs in PTC
In our previous study, we found that accurately measuring methylation
changes at all CpG sites within selected CpG islands enabled the develop-
ment of highly specific MSP primers15. To identify candidate CpG island
regions, we analyzed DNA methylation microarray data from TCGA and
public data (RRBS, GSE107738)12,13, ultimately identifying 7217 CpG island
regions of interest (Supplementary Fig. 1). To determine the TBS in these
regions, we isolated thyroid tumor tissues and adjacent normal tissues from
55 Korean patients with PTC. Following sequencing, we assessed the data
quality in terms of base sequence quality, alignment on the reference gen-
ome, and read depth, revealing a significantly higher read depth than other
sequencing data (Supplementary Fig. 2). Using our selection workflow, we
identified 333 DMRs (Supplementary Fig. 3), with 329 DMRs available for
downstream analysis after excluding four that were unavailable in
TCGA data.

Interestingly, K-means clustering revealed two distinct patient sub-
groups within our cohort and TCGA cohort (Fig. 1A and B). PCAusing the
DNAmethylation levels of the329DMRsconfirmedacleardivision into the
two subgroups in our cohort (Fig. 1C). To explore the correlation between
the subgroups in our cohort and TCGA, we assessed the correlation coef-
ficient of each subgroupusing theDNAmethylation levels of the329DMRs.
This analysis revealed a high correlation coefficient of 0.863 between the
PTC1 subgroups of each cohort and a coefficient of 0.442 between the
PTC2 subgroups, suggesting the presence of corresponding subgroups
within each cohort (Fig. 1D). Notably, the difference in the DNA methy-
lation levels of DMRs between PTC1 and PTC2 was more pronounced in
our cohort than in TCGA cohort. This discrepancy in the detection ofDNA
methylation differences could be attributed to the fact that our targeted
bisulfite sequencing reads the methylation levels of every CpG site in the
target regions of interest. In summary, heterogeneous subgroups of PTCs
can be detected using targeted bisulfite sequencing.

Furthermore, we examined the clinical significance of the subgroups
defined by DNA methylation levels of the DMRs. As our cohort was pro-
spective, survival analysis between the two groups was not feasible. There-
fore, we used clinical data fromTCGA for survival analysis between the two
groups. The Kaplan–Meier plot indicated that PTC1 had worse overall
survival than PTC2 (Fig. 1E). To further assess the prognostic significance,
we performed a multivariate Cox regression analysis incorporating key
clinicopathological factors (Sex, TNMstage, TCGAmethylation subgroups,

and TCGA-defined PTC1/PTC2 clusters). The results showed a trend
toward worse survival outcomes in the PTC1 group (HR = 3.6, 95% CI:
0.91–14.1, p = 0.068), though statistical significance was not reached (Sup-
plementary Fig. 4). Notably, despite this survival trend, there were no sig-
nificant differences in clinicopathological characteristics betweenPTC1 and
PTC2 in our cohort, except for age at diagnosis (Supplementary Table 1). In
TCGA cohort, the RAS-like PTC class and RAS mutation were frequently
found in PTC2 patients (Supplementary Table 2). The thyroid differentia-
tion score, determined from the expression levels of 16 genes related to
thyroid metabolism and function in a previous study12, was significantly
lower inPTC1 than inPTC2.Additionally, the ERKscore, calculatedusing a
52-gene signature fromaprevious study16 to assess ERK(MAPK) activation,
was significantly higher in PTC1 than in PTC2. ERK activity is tightly
regulated in normal thyroid tissues; otherwise, it results in aberrant cell
proliferation, differentiation, and apoptosis17,18 (Supplementary Table 2).
This suggests that PTC1 may exhibit a more aggressive phenotype than
PTC2. In summary, DNA methylation levels of the 329 identified DMRs
allowed us to categorize the PTC cohort into two groups that exhibited
prognostic and clinicopathological differences.

Characterization of DNA methylation patterns and functional
significance
Before exploring the functional relevance of the selected 329 DMRs, we
categorized them based on the average level of DNA methylation in the
subgroups of our cohort. We calculated the average DNA methylation
levels in the PTC1 and PTC2 subgroups, leading to the redefinition of
DMRs into 245hypermethylated and84hypomethylated regions in PTC1
compared toPTC2 (Fig. 2A).Annotation ofDMR locations in the genome
revealed a higher occurrence of DNA methylation in the promoters and
distal intergenic regions of PTC1 (Fig. 2B). To investigate the functional
roles of the genes associated with these DMRs, we conducted an ontology
analysis of the annotated genes, uncovering a significant distribution of
genes related to developmental processes in the hypermethylated DMRs
of PTC1 (Fig. 2C). Furthermore, exploration of transcription factors
associated with DMRs was performed using motif analysis19,20, which
showed the enrichment of binding motifs for components of the PRC1
and PRC2 complexes in DMRs (Fig. 2D). Visualization of the genome-
wide location of the DMRs through coverage plot analysis revealed
hypermethylation concentrated in the HOXA and HOXB clusters (Fig.
2E), consistent with observations in various cancers, including thyroid
cancer, as demonstrated in previous studies21–23. Taken together, our
results demonstrated a distinct methylation pattern in PTC subgroups,
characterized by significant hypermethylation of developmentally crucial
genes. This finding suggests that epigenetic changes in PTC1 are asso-
ciated with developmental processes and contribute to the understanding
of the heterogeneity of PTC.

Transcriptomic profiling and differential gene expression analy-
sis of PTC subgroups
To compare the transcriptomic profiles of the two subgroups and normal
tissues, we analyzed RNA-seq data from TCGA. As expected, the PCA
revealed a clear separation of subgroups based on principal components 1
and 2 (Fig. 3A). To investigate the DEGs between each subgroup, we
employedDESeq224 and generated volcano plots to visualize theDEGs (Fig.
3B, Supplementary Fig. 5A and B). K-means clustering of all the DEGs
categorized them into three clusters based on their expression patterns (Fig.
3C). DEG cluster 1 consisted of genes commonly downregulated in PTC1
and PTC2 comparedwith those in normal tissues, DEG cluster 2 comprised
genes specifically upregulated in PTC1, and DEG cluster 3 included genes
commonly upregulated in PTC1 and PTC2 comparedwith those in normal
tissues. Consistent with findings from another study25, ontology analysis
revealed that DEG cluster 1 contained genes known to be downregulated in
thyroid cancer, whereas DEG cluster 3 contained genes known to be
upregulated in thyroid cancer. Interestingly, DEG cluster 2 showed
enrichment of immune-related terms (Fig. 3D). Furthermore, GSEA
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indicated that genes related to tumorigenesis and tumor evasion were
upregulated in PTC1 (Fig. 3E, Supplementary Fig. 5C and D).

Integrative analysis of DNA methylation, gene expression, and
chromatin accessibility of PTC subgroups
To identify genes directly affected by changes inmethylation, we integrated
our methylation data with publicly available RNA-seq and ATAC-seq data
for comprehensive analysis. First,we selected77 genes exhibitingdifferential
DNA methylation and expression levels in PTC1 compared to those in
PTC2 (Fig. 4A). To examine chromatin accessibility in each subgroup, we
used publicly available ATAC-seq data (GSE162515)14 and inferred DNA
methylation subgroups by comparing the expression patterns of these 77
genes with TCGA RNA-seq dataset. Hierarchical clustering enabled us to
classify 5 patients as PTC1 and 23 patients as PTC2 (Fig. 4B). PCA of the

ATAC-seq data showed segregation by subgroup (Supplementary Fig. 6A).
Using Diffbind26, we observed differential chromatin accessibility and
defined differentially accessible regions (DARs) for each subgroup (Sup-
plementary Fig. 6B–D). Strikingly, by annotating the location of DARs in
the genome, we found a significantly enriched proportion of promoters in
regions with increased chromatin accessibility in PTC1 compared to that in
PTC2, whereas regions with decreased accessibility in PTC1 showed few
promoters and a higher distribution in distal intergenic regions (Supple-
mentary Fig. 6E). Gene ontology analysis of the genes nearest to the dif-
ferentially accessible regions in PTC1 revealed regions enriched in immune
cell activation, which is consistent with the gene ontology results from
TCGA RNA-seq data (Fig. 4C). Conversely, regions with decreased acces-
sibility were associated with development, differentiation, and proliferation
of various cell types (Fig. 4D). Our integrated analysis revealed a set of
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potential biomarkers for PTC1, highlighting the importance of considering
DNA methylation, gene expression, and chromatin accessibility. Further-
more, the significant enrichment of immune-related regions in PTC1
reinforces the potential role of the immune system in thyroid cancer
progression.

Identification and prioritization of candidate genes for methyla-
tion detection system for PTC subgrouping
After conducting an integrated analysis of our bisulfite sequencing, public
RNA-seq, and ATAC-seq data, we observed 35 genomic regions in which
distinct changes were detected in each dataset, and it was anticipated that
these changes were correlated. A total of 28 genes were identified within
these regions (Table 1). Before developing a system to sensitively detect
methylation changes in these regions, we narrowed down the target genes.
To achieve this, we treated the thyroid cancer cell line BCPAP with the

demethylating agent 5-azacytidine (5-Aza), followedbyATAC-seq analysis,
to determine which regions exhibited the most significant changes in
chromatin accessibility. We identified changes in the expression of the
following four genes: AGAP2, EHBP1L1, GPR84, and PRDM8 (Fig. 5A).
Additionally, efforts were made to narrow down the target genes using the
random forest algorithm. Using VSURF to select fit and non-redundant
classifiers of theDNAmethylation subgroup,we selected six genes (PRDM8,
EHBP1L1, CARMIL2, CD37, RIN3, and SIPA1) (Fig. 5B). On applying the
algorithm to the test set, we observed a total accuracy of 87.4% (Fig. 5C).
Two genes (EHBP1L1 and PRDM8) consistently showed changes in both
the BCPAP cell line ATAC-seq results and the random forest analysis.
AGAP2 was a representative candidate biomarker observed in all datasets
(Fig. 5D). Thus, based on the eight genes that exhibited differences between
the BCPAP cell line ATAC-seq results and random forest analysis, we
constructed a system for detecting methylation changes.

Table 1 | Integrated catalog of candidate genescombined from targetedbisulfite sequencing,RNA-seq, andATAC-seqanalysis

Genomic location Gene Targeted bisulfite sequencing RNA-seq (TCGA) RNA-seq
(GSE162515)

ATAC-seq (GSE162515)

Met diff (T1 - T2) LFC Padj LFC Padj LFC

chr11:65352231-65353134 EHBP1L1 34.28 0.70 4.4E-20 1.28 5.5E-03 0.44

chr11:65359292-65360328 EHBP1L1 29.75 0.70 4.4E-20 1.28 5.5E-03 0.27

chr12:58132478-58132734 AGAP2 29.19 1.43 1.4E-36 2.74 1.6E-06 1.60

chr4:81109887-81110460 PRDM8 28.44 1.81 1.8E-47 2.29 2.1E-04 0.48

chr5:10649367-10650352 ANKRD33B 27.73 0.91 3.1E-12 2.20 1.2E-04 0.39

chr14:93153278-93154759 RIN3 26.37 0.82 2.6E-28 1.89 3.4E-05 0.39

chr12:58130870-58132047 AGAP2 24.94 1.43 1.4E-36 2.74 1.6E-06 0.58

chr12:58119909-58121551 AGAP2 24.36 1.43 1.4E-36 2.74 1.6E-06 0.36

chr16:67686860-67687674 CARMIL2 24.28 2.92 1.7E-77 4.30 3.4E-06 0.25

chr15:40583093-40583526 PLCB2 23.26 1.61 2.1E-47 2.62 3.4E-05 0.28

chr19:49841187-49841628 CD37 22.72 2.19 5.2E-57 3.85 4.0E-06 0.98

chr19:17877468-17877777 FCHO1 22.70 0.77 2.0E-06 2.47 3.1E-03 0.28

chr5:43037259-43037520 ANXA2R 22.32 1.24 1.1E-27 2.06 7.4E-05 1.99

chr2:11774310-11774521 GREB1 22.24 -0.87 4.7E-05 −2.15 2.0E-02 0.72

chr19:15563869-15564223 RASAL3 21.03 1.76 5.7E-57 3.01 3.2E-06 0.32

chr19:15568027-15569227 RASAL3 20.10 1.76 5.7E-57 3.01 3.2E-06 0.87

chr21:45789090-45789373 TRPM2 20.00 1.38 2.0E-36 1.95 3.1E-04 0.63

chr4:81128229-81128691 PRDM8 19.74 1.81 1.8E-47 2.29 2.1E-04 0.29

chr16:67681975-67683924 CARMIL2 18.68 2.92 1.7E-77 4.30 3.4E-06 0.76

chr2:198029068-198029438 ANKRD44 17.22 1.08 8.1E-35 2.75 5.1E-07 0.34

chr12:54764065-54764510 GPR84 16.72 1.48 8.2E-33 1.90 1.4E-02 0.30

chr17:3847999-3848570 ATP2A3 16.40 1.27 6.8E-32 2.84 3.4E-06 1.47

chr17:14201726-14202052 HS3ST3B1 15.68 1.29 8.7E-28 3.00 3.0E-07 1.88

chr19:49842654-49843628 CD37 15.67 2.19 5.2E-57 3.85 4.0E-06 0.64

chr19:1070985-1071812 ARHGAP45 15.06 1.09 5.4E-33 2.61 3.4E-05 0.52

chr7:5336513-5336894 SLC29A4 -16.26 -0.90 5.2E-06 −2.22 9.6E-03 2.48

chr22:50483350-50483579 IL17REL -16.26 2.55 1.1E-29 5.48 1.9E-03 0.32

chr16:29675845-29676120 SPN -17.67 1.77 2.5E-44 2.64 6.5E-04 2.61

chr11:65408344-65408631 SIPA1 -18.32 0.62 3.8E-14 1.72 5.4E-05 2.42

chr19:13207375-13207621 LYL1 -19.67 0.94 1.0E-16 2.40 1.1E-05 1.84

chr11:67176945-67177169 TBC1D10C -21.63 0.79 9.2E-15 1.91 1.5E-04 2.71

chr17:72347924-72348322 BTBD17 -21.72 −1.76 1.1E-05 -3.49 3.5E-02 0.70

chr19:3178741-3179986 S1PR4 -24.25 1.71 2.0E-45 3.32 4.7E-07 2.61

chr12:6664425-6665336 IFFO1 -27.25 1.07 3.0E-37 1.46 4.1E-04 2.66

chr11:63974829-63975048 FERMT3 -37.59 1.83 2.4E-54 2.68 1.0E-05 2.47

Met diff difference in average DNA methylation, LFC Log2(Fold Change); Padj Adjusted p value.
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Among identified candidate biomarkers, we selected CD37 as a
representative example to validate its role in promoting tumor aggressive-
ness in vitro. We overexpressed CD37 in 293 T and BCPAP cell lines by
transfection and subsequently performed functional assays, including
proliferation, invasion, wound healing, and colony-forming assays, to assess
the impact of CD37 on tumorigenic potential (Supplementary Fig. 7). The
results demonstrated that CD37 significantly enhanced the tumorigenic
propertiesof both cell lines and this suggests thatCD37plays a critical role in
promoting tumor progression. These findings suggest that the candidate
biomarkers identified through our analysis, including CD37, may be
involved in influencing the aggressiveness of PTC.

Validation and clinical application of theMSP-basedmethylation
subgrouping system
MSP is a widely used and simple method for evaluating DNA methylation
levels in specific genomic regions27. To establish a system for molecularly
categorizing patients with PTC into PTC1 or PTC2, we used the MSP
technique. Our validation experiments prioritized DNA hypermethylated
regions, which were more detectable than hypomethylated regions because
of the clearer presence of methylation signals. Thus, the CpG island in the

SIPA1 region showinghypomethylation inPTC1was excluded from further
validation to ensure methodological consistency and a clear interpretation
of the results. We ranked CpG sites within candidate DMRs based on the
variance in DNA methylation levels between PTC1 and PTC2, as well as
between PTC1 and paired normal tissues. We designed MSP primers tar-
geting the genomic regions encompassing these top-tier CpG sites (Sup-
plementary Fig. 8), utilizing MethPrimer software for primer design28. To
assess the effectiveness of our MSP primers in distinguishing the methyla-
tion status, we conducted MSP on both unmethylated and methylated
control DNA samples treated with bisulfite. The signal ratio between the
primers for methylated and unmethylated DNA detected using our MSP
primers quantitatively reflected the level of DNA methylation, corre-
sponding to the proportion of methylated to unmethylated control DNA
(Fig. 6A). To further validate the detection efficacy of the MSP primers, we
applied them to the genomic DNA of BCPAP cells treated with 5-Aza.
Consistent with our expectations, a noticeable reduction in themethylation
signalwas observed in the candidate regions of BCPAPcells following 5-Aza
treatment (Fig. 6B). Subsequently, we assessed the ability ofMSP primers to
distinguish between DNA methylation levels in PTC1 and PTC2. We
introduced a scoring system to categorize DNA methylation subgroups in

Fig. 5 | Biomarker identification and validation
using ATAC-seq in the BCPAP cells treated with
5-Aza and machine learning. A Heatmap display-
ing the differential accessibility of regions upon
5-Aza treatment. Open DARmeans more accessible
regions upon BCPAP treatment with 5-Aza. B Six
key biomarkers were selected through machine
learning of TCGA THCA RNA-seq data to distin-
guish between normal tissue and PTC subtypes.
C ROC curves evaluating the performance of the
random forest model in classifying DNA methyla-
tion subgroups and normal tissue. The balanced
accuracy scores, computed as the average of sensi-
tivity and specificity, were 0.89 for normal tissue,
0.86 for PTC1, and 0.88 for PTC2. D Integrative
multi-omic status at the AGAP2 locus.
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patients with PTC. The scores were calculated as the sum of the seven
biomarker methylation signals normalized to the methylation signal gen-
erated from paired normal tissues. The results confirmed that the MSP
system was highly effective in distinguishing between PTC1 and PTC2
(p < 0.0001) (Fig. 6C). Furthermore, we validated our biomarker gene
expression in the two subgroups using quantitative RT-PCR, confirming an

increase in the expression of these genes in patients belonging to PTC1, as
expected (Fig. 6D).

For methylation and expression validation, 2 ng of nucleic acid was
required for a single qMSP, and 5 ng was required for a single qRT-PCR;
these quantities are readily obtainable fromFNABsamples. Previous studies
have demonstrated the adequacy of these quantities, even with a limited
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number of cancer cells present in FNAB samples29,30. We aimed to assess
whether our sensitive approach could detectDNAmethylation variations in
candidate DMRs in minimally invasive biopsy samples. We conducted
qMSP using thirty FNAB samples from a new prospective cohort with PTC
(Supplementary Table 3). We successfully identified the subgroups divided
by the DNAmethylation score of seven candidate biomarkers using a trace
amount of DNA extracted from tumor cells in FNAB samples (Fig. 6E).
Specifically, we classified 13 patients as PTC1 and 17 patients as PTC2based
onDNAmethylationprofiles.Moreover,we found that the expression levels
of the candidate genes from the corresponding FNAB samples classified as
PTC1 are higher than that fromPTC2using qRT-PCR (Fig. 6F), confirming
the correlation between DNA methylation and expression level among
DNA methylation subgroups by FNAB samples. To visualize the methy-
lation and expression patterns of each biomarker, we generated heatmaps
displaying individual methylation levels and expression values for the seven
genes in FNAB samples (Supplementary Fig. 9). Furthermore, PCA plot of
combined qMSP and qRT-PCR data clearly demonstrated that patients
were divided into two distinct subgroups (Fig. 6G). Notably, the qMSP
method yielded a more distinct and accurate separation of patient groups
compared to qRT-PCR, emphasizing the utility of DNA methylation as a
highly specific marker for patient classification. Moreover, clin-
icopathological analysis revealed that PTC1 patients exhibited more
aggressive tumor characteristics, including larger tumor size and higher
frequency of bilateral disease, compared to PTC2 (Supplementary Table 3).
Additionally, a significantly higher proportion of PTC1 patients underwent
total thyroidectomy, indicating that these tumors were associated with a
greater disease burden and were more likely to require extensive surgical
intervention. These results demonstrate that qMSP-based methylation
profiling identifies clinically distinct patient subgroups, highlighting its
potential for precise preoperative risk stratification.

The TNM staging system serves as a fundamental framework for
classifying malignancies31 and is widely used to predict patient prognosis
and aid in cancer diagnosis. We aimed to evaluate the potential enhance-
ment of survival prediction by integrating our classification systemwith the
established TNM staging system, as in a previous study32. Intriguingly, our
survival analysis, utilizing TNM staging data from TCGA combined with
DNAmethylation subgroup status (PTC1 and PTC2), revealed a significant
disparity in survival rates. Patients classified under TNM stages III–IV and
subgroup PTC1 exhibited notably lower survival rates than those in the
sameTNMstages butwithin subgroup PTC2 (Supplementary Fig. 10). This
finding suggests that DNA methylation subgrouping may serve as an
independent prognostic factor, augmenting the traditional TNM classifi-
cation. Therefore, differentiating between PTC1 and PTC2 is critical for
determining the surveillance of thyroid cancer.

Discussion
In this study, we identified 7217 CpG islands of interest from DNA
methylation data and isolated 333 DMRs from our cohort using bisulfite
sequencing. Utilizing K-means clustering and principal component analy-
sis, we delineated two distinct patient subgroups, which were validated
through correlation analysis with TCGA data. Notably, the subgroup
designated as PTC1 exhibited worse overall survival compared to PTC2,
with 245 hypermethylated and 84 hypomethylated regions primarily loca-
ted in promoter and distal intergenic regions. Functional analysis revealed

that hypermethylatedDMRs in PTC1were enriched with genes involved in
development and Polycomb Repressive Complex 1 and 2 (PRC1/PRC2)
binding motifs, which are associated with tumor progression and poorer
prognosis. By integrating bisulfite sequencing, RNA sequencing, and
ATAC-seq data, we identified 35 genomic regions and 28 genes as potential
biomarkers. Seven genes were ultimately established as bona fide bio-
markers, confirmed through qMSP and qPCR analyses. Importantly for
clinical application, our highly sensitive quantification system enabled the
detection of methylation variations in FNAB samples—a minimally inva-
sive method routinely used in preoperative evaluation.

Among these sevenbiomarkers,RIN3, andAGAP2play pivotal roles in
the Ras pathway and are critically involved in thyroid cancer progression.
RIN3 contains a Ras-association domain, indicating its involvement in the
Ras signaling pathway. AGAP2 exerts anti-apoptotic effects through the
activation of nuclear phosphoinositide 3-kinase (PI3K), a process frequently
initiated byRas activation. Furthermore,AGAP2,EHBP1L1, andCARMIL2
contribute to cell migration and invasion, highlighting their significance in
cancer metastasis. Conversely, CD37 and GPR84 are linked to the immune
system, aligning with the PTC1 immune-related transcriptomic features
and suggesting their potential role in modulating the immune response in
thyroid cancer. These seven biomarkers represent underexplored areas in
thyroid cancer research. Their identification not only provides a deeper
understandingof themolecular intricacies ofTHCAbut alsohighlights their
novelty and potential as therapeutic targets or diagnosticmarkers in thyroid
cancer, particularly given their diverse functions, ranging from signaling
pathways to immune system interactions.

We observed enrichment of binding sites for MAX and E2F6, com-
ponents of the PRC1 complex, as well as SUZ12 and EZH2, components of
the PRC2 complex, in hypermethylated DMRs. Previous studies have
highlighted the interplay between thePRC1 complex andDNAmethylation
in regulating the expression of genome defense genes during mammalian
development33. These genes play critical roles in maintaining cellular
genomic stability by detecting and repairing DNA damage, minimizing
mutations, and suppressing the activity of selfish DNA elements, such as
transposons, thereby preserving genomic integrity34. Furthermore, the
PRC2 complex, known for its role in mediating H3K27 methylation and
consequently silencing the genome, recruitsDNMTs35.Abnormal activity of
the PRC2 complex has been widely recognized to alter transcriptional
regulation, thereby contributing to cancer development36. However, further
bioinformatics and experimental validation are imperative to ascertain
whether these hypothesized mechanisms are characteristic of the PTC1
subgroup.

FNAB is a cornerstone in the preoperative evaluation of thyroid
nodules, primarily used to determinemalignancy and guide the necessity of
surgical intervention10. According to the 2024 NCCN guidelines, active
surveillance is sometimes recommended for small thyroid cancers (<1 cm)
instead of immediate surgery.However, even in small tumors, if they exhibit
aggressive characteristics, prompt thyroidectomy is necessary. The chal-
lenge lies in the fact that traditional cytological evaluation alone may not
always provide sufficient information to determine tumor aggressiveness,
particularly in indeterminate cases. Our study addresses this limitation by
demonstrating that FNAB-based methylation profiling can serve as a
complementary molecular tool, providing objective epigenetic insights into
tumorbehavior beyondcytological assessment. By integrating this approach

Fig. 6 | Methylation and expression profiling and diagnostic potential of can-
didate biomarkers through PTC tissues. A Quantification of methylation signals
using methylation control DNA with each qMSP primer set. Each qMSP was per-
formed with three technical replicates. BQuantification of DNAmethylation signal
with BCPAP genomic DNA following 5-Aza treatment using each qMSP primer set.
Three independent experiments were conducted. C DNA methylation signal
quantification across genomic DNA from PTC subgroups using surgical thyroid
specimens. The average diagnostic score of each subgroup was calculated.
DValidation of gene expression via quantitative PCR in the discovery cohort, using
surgical thyroid specimens. PTC tissues were categorized according to the

methylation status of 329 DMRs. E Assessment of biomarker methylation levels in
30 FNAB samples from patients with PTC using real-time MSP. F Assessment of
biomarker expression levels in 30 FNAB samples from patients with PTC using real-
time PCR. G PCA plot of 30 patients’ qMSP scores (PC1, representing methylation
levels) and qRT-PCR scores (PC2, representing gene expression levels). (A, C, D)
Two-sided t-tests were used for comparisons. (B)One-sided t-test was applied due to
the anticipated decrease in methylation signal following 5-Aza treatment. (E, F)
Unpaired Student’s t test was used to compare groups. ***P < 0.001;
**P < 0.01; *P < 0.05.
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into existing clinical workflows, clinicians could refine risk stratification,
allowing for the safe surveillance of indolent tumors while ensuring timely
surgical intervention for high-risk cases. Given that active surveillance is
increasingly considered for small thyroid cancers, incorporating methyla-
tion profiling into FNAB analysis could further enhance clinical decision-
making, reducing unnecessary surgeries while ensuring aggressive cases are
promptly treated.

Notably, qMSP demonstrated higher specificity and clearer subgroup
separation compared to qRT-PCR, likely due to the inherent instability of
RNA and variability in expression levels, which can compromise the con-
sistency of qRT-PCR results. In contrast, qMSP detects the more stable
methylation patterns in DNA, offering a more reliable distinction. This
reliability is crucial in surgical planning, as it allows for confident stratifi-
cation of patients even with minimal DNA obtained from FNAB samples.
Our primers successfully classified subgroups under these conditions,
reinforcing qMSP as a valuable tool for distinguishing tumor subtypes in
thyroid cancer.

For surgeons, this means that beyond diagnosing malignancy,
FNAB provides valuable prognostic information preoperatively,
assisting in decisions regarding the extent of surgery and the need for
additional treatments like radioactive iodine (RAI) therapy. According
to the 2024NCCN guidelines, total thyroidectomy andRAI therapy are
not routinely recommended for T1b/T2 (1–4 cm) N0/NX or small-
volume N1a disease. However, our findings suggest that high-risk
PTC2 patients, who exhibit poorer prognosis, may benefit from more
aggressive interventions, such as total thyroidectomy instead of
lobectomy, and consideration of postoperative RAI therapy to reduce
recurrence risk. The ability to accurately classify tumor subtypes pre-
operatively can help surgeons decide between total thyroidectomy and
lobectomy, determine the necessity for lymph node dissection, and
plan for more aggressive treatments in patients identified as having the
high-risk PTC1 subtype.

Beyond surgical considerations, the molecular distinction between
PTC1andPTC2 could also provide insights intonovel therapeutic targets. If
PTC2 exhibits specific epigenetic alterations or signaling pathway activa-
tions that drive its aggressive behavior, targeted therapies could be explored
to mitigate progression and improve patient outcomes. Further investiga-
tion into the functional consequences of these methylation patterns may
uncover actionable targets for personalized treatment approaches. To fur-
ther explore the prognostic value of these subtypes, we conducted a mul-
tivariate Cox regression analysis, incorporating key clinicopathological
factors, including sex, TNM stage, TCGA methylation subgroups, and
TCGA-defined PTC1 and PTC2 clusters. The results demonstrated a trend
toward worse survival outcomes in the PTC1 group compared to PTC2
(HR = 3.6, 95% CI: 0.91–14.1). Although the p-value (0.068) did not reach
conventional statistical significance, the hazard ratio suggests a potential
survival difference between the two subgroups, highlighting the need for
further investigation with additional clinical andmolecular factors to refine
their prognostic distinction. The relatively small cohort size (N = 55) in our
study limits our ability to independently validate the survival differences
observed in TCGA. Furthermore, as our cohort is prospectively designed,
the long-term survival impact of these molecular subtypes remains to be
fully elucidated. We mitigated this limitation by incorporating TCGA data
to infer clinical significance, but further large-scale, long-term studies are
needed to validate these biomarkers and fully integrate them into clinical
practice. In future studies, we plan to incorporate a broader range of clin-
icopathological andmolecular factors into survival analysis to improve risk
stratification, while larger, long-term cohorts will be essential to confirm
these findings and support their clinical application.

Nonetheless, our findings have significant implications for surgical
practice by providing a molecular tool to predict tumor behavior, allowing
for personalized treatment plans, improved prognostic accuracy, and
enhanced patient counseling regarding surgical options and expected out-
comes. This approach aligns with the principles of precision medicine,
aiming to tailor interventions based on individual tumor biology.

In conclusion, our study presents a novel, minimally invasive method
for preoperative risk stratification in papillary thyroid carcinoma using
epigenetic biomarkers detectable in FNAB samples. By detecting specific
DNA methylation patterns associated with tumor aggressiveness, qMSP
enables accurate patient stratification, even with minimal DNA input.
Through these insights, we offer surgeons a valuable tool to inform surgical
decision-making. This approach enables more precise tailoring of surgical
interventions, potentially improving patient outcomes and optimizing
resource utilization in thyroid cancer care. Future large-scale studies are
warranted to validate these biomarkers and fully integrate them into clinical
practice, advancing personalized medicine in surgical oncology.

Methods
Human tissue collection and processing
Fifty-five papillary thyroid tumor and adjacent normal tissue samples, along
with thirty FNAB specimens, were collected from Gangnam Severance
Hospital (Seoul, Korea). The use of these samples was approved by the
Institutional Review Board of Gangnam Severance Hospital (IRB number:
3-2020-0309) in accordancewith institutional ethical guidelines.All patients
provided written informed consent for the research use of their tissues. All
procedures performed in this study involving human participants comply
with the principles of the Declaration of Helsinki.

Comprehensive demographic data including age, sex, TNM stage can
be found in Supplementary Table 1. Those surgically excised tissues were
immediately stored in Dulbecco’s modified Eagle’s medium (Cytiva,
Marlborough, MA, USA) supplemented with 10% FBS (Cytiva, Marlbor-
ough, MA, USA) and transported to the laboratory. FNAB samples were
collected separately from thirty patients. All FNAB were performed by an
experienced clinicians and were reviewed by an experienced cytologist.
FNAB was performed using a 20mL plastic syringe, secured in a syringe
holder (Cameco syringe pistol, Precision Dynamics, San Fernando, CA).
Theneedle varied from21 to 23 gauge, according to the sonographic pattern
of the nodules. Upon arrival, the tissues were rinsed twice with PBS (Cytiva,
Marlborough, MA, USA) and then rapidly snap-frozen using liquid nitro-
gen to preserve the integrity of the nucleic acids for subsequent use.

Selection of CpG islands to design a probe pool for targeted
bisulfite sequencing
To select candidate CpG islands for bisulfite sequencing, we utilized Infi-
niumHumanMethylation450BeadChipdata, aswell asRRBSdata obtained
from thyroid cancer (THCA) data from TCGA12 and a thyroid cancer
dataset from the Gene Expression Omnibus (GSE107738). The beta values
of each CpG site were averaged to represent the methylation value of its
corresponding CpG islands, as per the human reference genome (NCBI
GRCh37; hg19). Subsequently, the methylation values of CpG islands in
normal tissue sampleswere averaged to generate representativemethylation
values for normal tissues. Differences in methylation between tumor sam-
ples and the average of normal tissues were calculated and tabulated. CpG
islands displaying methylation differences greater than or equal to 10% in
more than 10%of the patientswere shortlisted. Basedon these criteria, 5812,
2612, and 2484 CpG islands were selected by comparing normal and tumor
samples from TCGA, normal and benign tumor samples fromGSE107738,
and normal and malignant samples from GSE107738, respectively. To
eliminatenonspecific target regions in the genome,weused theprobedesign
tool provided by Arbor Bioscience (MyBaits), resulting in the final selection
of 7217 CpG islands as targets.

Targeted bisulfite library preparation and sequencing
Genomic DNA was extracted from the collected tissue samples using the
QIAamp DNA Mini Kit (Qiagen, Hilden, Germany), following the man-
ufacturer’s recommendations and guidelines. Subsequently, DNA con-
centration and purity were determined using a UV spectrophotometer
(Nanodrop 2000; Thermo Fisher, Carlsbad, CA, USA). A total of 500 ng of
genomic DNA was fragmented using an M220 Focused Ultrasonicator
(Covaris, Woburn, MA, USA) in low-EDTA TE buffer. The quality,
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quantity, and fragment size (with a major peak in the range of 250–300 bp)
of the sheared genomic DNA were confirmed using a 2100 Bioanalyzer
system (Agilent Technologies, Santa Clara, CA, USA) before library pre-
paration. The DNA library was bisulfite-converted using the EZ DNA
Methylation-Gold Kit (Zymo Research, Irvine, CA, USA). Subsequent
library preparationwas performed using theAccel-NGS®Methyl-SeqDNA
Library Kit (Swift Biosciences, Ann Arbor, MI, USA), along with other
specified enzymes, buffers, and reagents, following the manufacturer’s
protocol. Finally, the eight libraries were pooled and incubatedwith a probe
pool designed to target the regions of interest. After cleanup, the libraries
were sequenced on aHiSeq2500 sequencer (Illumina, SanDiego, CA, USA)
with 2 × 100 bp paired-end reads featuring a unique dual index, generating
2 Gb of sequencing data from each sample.

ATAC library preparation and sequencing
The ATAC libraries for BCPAP were prepared as previously described37.
The procedure was as follows: The cells were lysed according to the pre-
paration guidelines with fresh ATAC-seq lysis and wash buffers. Cells were
pelleted, and the supernatant was removed before resuspension in the lysis
buffer. After incubation, the samples were diluted, washed, and pelleted. A
transposition mix was added, followed by incubation. After incubation, the
DNAwas cleaned and concentrated. Barcoding involved the assignment of
unique adapters, PCR amplification, and cleanup. Library concentrations
were then quantified for sequencing. The libraries were sequenced on a
HiSeq2500 sequencer (Illumina, San Diego, CA, USA) with 2 × 100 bp
paired-end reads featuring a unique dual index, generating 2 Gb of
sequencing data from each sample.

Preprocessing of next-generation sequencing data
Targeted bisulfite sequencing data were quality-controlled using FastQC
(version 0.11.9). Trim Galore (version 0.6.7) and Cutadapt38 (version 2.8)
were used to eliminate adaptor sequences and low-quality sequences.
Bismark39 (version 0.22.3), based on the humanCpG island reference hg19,
aligned the sequencing reads with Bowtie2 (version 2.4.4). The alignment
quality of each dataset was assessed using Picard CollectHsMetrics, and all
quality control data were summarized using multiQC40. Methylated and
unmethylated cytosines at each CpG site were identified from the post-
indexed data using the Bismark methylation extractor, and only those 10X
or higher were selected for downstream analysis. Finally, the methylation
values of the CpG sites within the same CpG island were calculated by
averaging the methylation values based on hg19. The RNA-seq data were
aligned using HISAT2, and the sam files were sorted using Samtools. Read
quantification of the bam files was conducted using HTSeq (version 0.11.1)
to generate read count data, which were normalized using DESeq2 (version
3.12). Principal component analysis (PCA) of the gene expression patterns
was performed using ggplot2 (version 3.3.3) to analyze sample correlations.
Differentially expressed genes (DEGs) between samples were identified
usingDESeq2, selectinggeneswith at least a 2-fold expressiondifference and
an adjusted p-value of < 0.05. ATAC sequencing (ATAC-seq) data from
BCPAP cell lines and publicly available data (GSE162515) were processed
using the PEPATAC pipeline. PEPATAC employs a RefGenie Asset
Manager for consistent reference genome annotation, which is crucial for
reproducibility. Adapters and mitochondrial DNA were trimmed using
Trimmomatic, and read alignment anddeduplicationwereperformedusing
Bowtie2 and Picard, respectively.

Selecting the DMRs
Analyses were performed under the assumption that the average value
represented each CpG island. Targeted bisulfite sequencing data were
examined to identify targets where DNAmethylation exhibited a change of
more than 20% in tumors compared to pairednormal tissues in over 20%of
55 patients with thyroid cancer. Additionally, DMRs were identified sepa-
rately in patients with and without thyroiditis, enabling a comparative
analysis of the epigenetic changes associated with this condition. In total,
333 DMRs were identified. These regions were further classified into

hypermethylated and hypomethylated groups based on their average
methylation levels across DNAmethylation subgroups.

Analysis of next-generation sequencing data
Before the analysis, we selected 399 patients with PTC from the THCA
(TCGA, Firehose Legacy) dataset available on cBioPortal41,42. The relative
DNA methylation levels of CpG islands in TCGA samples were deter-
mined by subtracting the average methylation level of normal thyroid
samples from that of each tumor sample. To divide patients in each
cohort into two subgroups, we appliedK-means clustering. To ensure the
stability and reliability of the clustering, we ran the algorithm 1000 times
with different random centroids, selecting the best outcome and allowing
a maximum of 5000 iterations for convergence. Genomic regions of
interest were annotated using the ChIPseeker43 package with the
TxDB.Hsapiens.UCSC.hg19.knownGene and org.HS.eg.db packages in
R. We utilized i-cisTarget19,20 to explore the predictive consensus motifs
in the 329 candidate DMRs. For gene ontology analysis and gene set
enrichment analysis (GSEA), the gprofiler244 and fgsea packages were
utilized with customized gene matrix transposed (GMT) files from the
molecular signatures database (MSigDB)45,46. Data visualization from the
DNA methylation microarray, bisulfite sequencing, RNA-seq, and
ATAC-seq was performed using the ComplexHeatmap package in R
(version 4.2.2). Differentially accessible regions across conditions were
identified using Diffbind, with a threshold of |Fold Change | > 2 for
differential accessibility analysis and |Fold Change | > 0.25 for selecting
candidate biomarkers. The initial set of 28 candidate genes was refined to
select a core gene set and eliminate redundancy using the random forest
algorithm implemented in the VSURF package in R.

Multivariable Cox proportional hazards regression analysis
Clinical andmolecular data were obtained from The Cancer Genome Atlas
(TCGA) PTC cohort, and patients with incomplete survival data ormissing
covariates were excluded from the analysis. The Cox proportional hazards
model was constructed using the survival package (version 3.8-3) in R
(version 4.1.0), with hazard ratios (HR) and 95% confidence intervals (CI)
estimated for each covariate. Covariates included sex, TNM stage, TCGA
patient clusters, and TCGA methylation subgroups. P-values for each
covariate were calculated using theWald test, while a global p-value for the
model fit was obtained from the log-rank test. Model performance was
assessed using the Akaike Information Criterion (AIC) and concordance
index (C-index). A forest plot was generated using the ggforest() function
from the ggplot2 package (version 3.4.0).

qMSP
Before quantifying theDNAmethylation levels of the target regions, 500 ng
of genomic DNA extracted from patients with PTC and DNAmethylation
control DNA (Takara Bio Inc., Japan) were treated with sodium bisulfite
(EZ DNA Methylation-Lightning Kits, Zymo Research, Irvine, CA, USA).
The concentration of bisulfite-converted genomic DNA was quantified
using a UV spectrophotometer (Nanodrop 2000; Thermo Fisher Scientific,
Carlsbad, CA, USA). For qMSP analysis, we used a master mixture (KAPA
SYBR FAST qPCR Master Mix (2X), Kapa Biosystems), which facilitated
GC-rich PCR, along with a PCR cycler (LightCycler 480 II; Roche Diag-
nostics). For each qMSP run, 2 ng of bisulfite-converted genomic DNAwas
used.After 45 cycles of quantitativePCR(qPCR) reaction, the crossingpoint
(Cp) was determined by directly adjusting the signal threshold. The DNA
methylation

levels of each CpG island were calculated using the following equation
Eq. (1):

2 Cp of Unmet primerð Þ� Cp of Met primerð Þ ð1Þ

2�ΔCpðTumorDNAÞ � 2�ΔCpðNormalDNAÞ

2�ΔCpðmethylatedDNAÞ � 2�ΔCpðunmethylatedDNAÞ ð2Þ
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To distinguish between samples based on MSP results, we established
the following scoring system: First, we computed the individual DNA
methylation scores for each biomarker using the following equation Eq. (2):

To normalize the background signal intrinsic to the normal thyroid
tissue of each patient, we calculated a normalized score by subtracting the
paired normal score from the score of the corresponding tumor. To assign
PTC subgroups,we summed the cumulativeDNAmethylation scores of the
seven biomarkers for each patient and integrated these into a comprehen-
sive DNA methylation score.

qPCR
To check the expression of each candidate gene of patients with PTC, we
synthesized cDNA from 1 μg of total RNA using reverse transcriptase
(Invitrogen, Carlsbad, CA, USA). For qPCR, we used a master mixture
(KAPA SYBR FAST qPCR Master Mix (2X), Kapa Biosystems, Wilming-
ton, MA, USA) with a PCR cycler (LightCycler 480 II; Roche Diagnostics,
Basel, Switzerland). For each qPCR run, 5 ng of cDNA was used. After 45
cycles of qPCR reaction, the Cp was calculated by directly adjusting the
signal threshold. The gene expression level of each target gene was deter-
mined using the comparative Cpmethod (2-ΔΔCp), with GAPDH expression
serving as the control. To classify PTC subgroups, we calculated the sum of
the expression levels of the seven biomarkers for each patient and combined
them into a comprehensive score.

Cell culture and transfection
BCPAP (Elabscience, Houston, Texas, USA) were cultured in RPMI-1640
medium (Gibco, Houston, Texas, USA) supplemented with 10% fetal
bovine serum (Hyclone, Logan, UT, USA) supplemented with 1%
penicillin-streptomycin (Gibco, Houston, Texas, USA), 293 T (ATCC,
Manassas, VA, USA) cells were grown in Dulbecco’s modified Eagle med-
ium (Hyclone, Logan, UT, USA) supplemented with 10% FBS (Hyclone,
Logan, UT,USA) and 1% penicillin (Gibco, Houston, Texas, USA). The cell
lineswere cultured at 37 °C in ahumidified atmosphere containing 5%CO2.
Cells were sub-cultured every 3 days when they reached 80-90%. For CD37
gene overexpression, CD37 sequence was cloned into pcDNA3.1 V5/His A
vector (Invitrogen, Waltham, MA, USA). pcDNA3.1 CD37 V5/His A
plasmid (12 μg, 100mmscale) was transfected into cells with Lipofectamine
2000 (Invitrogen, Waltham, MA, USA) as per manufacturer’s instructions.

Proliferation assay
For the IncuCyte® cell proliferation assay, 1 × 104 293 T cells were seeded
into a 96-well plate. Cell proliferation was monitored using the IncuCyte®
Live-Cell Analysis System, with images captured over time to measure cell
growth. The IncuCyte® S3 Live-Cell Analysis System (Sartorius, Göttingen,
Germany) was used for automated cell count analysis.

Migration and invasion assays
Invasion assay was performed using 24-well transwell systems with 8 μm
pore-sized inserts (Costar; Corning Incorporated, Corning, NY, USA). For
these assays, 1 × 105 293 T cells were plated into Matrigel-coated upper
chambers. The upper chamber was filled with serum-free RPMI medium,
while the lower chamber contained RPMI medium with serum, acting as a
chemoattractant. After 48 h of incubation, non-invaded or non-migrated
cells remaining on the upper side of the membrane were removed with a
cotton swab, and the invaded cells that hadmigrated through themembrane
were stained and counted.Woundhealing assayswere performed in 24-well
plates, where 2 × ^5 cells were seeded per well. A wound was created using
scratcher (SPL; Pocheon, Gyeonggi-do, South Korea). Images of the wound
healing were captured at 0 h and 24 h. The width of the wound was mea-
sured using ImageJ software.

Colony forming assay
2.5 × 103 cells were plated in 6-well plates and cultured for 12 days. The cells
were then fixed with 4% paraformaldehyde and stained with 1% crystal
violet to facilitate colony counting.

Statistical analysis
To examine the correlation between DNA methylation subgroups in each
cohort, we computed the average relative methylation level of tumor sam-
ples from each subgroup and calculated the Pearson correlation coefficient
for each subgroup comparison using the ‘ggpairs’ function in the GGally
package. To validate the statistical significance of any clinical analysis, we
primarily used the chi-square test. However, in cases where the expected
frequency in any cell was less than 5, Fisher’s exact test was used to ensure
statistical validity. Survival analysis was performed using the Kaplan–Meier
method with the log-rank test.

Data availability
Thebisulfite andATACsequencingdata generated in this study are publicly
available in the Gene Expression Omnibus (GEO) under the accession
numbers GSE256293 and GSE262493, respectively. The GEO (GEO
Accession Numbers: GSE107738 and GSE165212) and TCGA-THCA
datasets were used for the analyses in this study. Additional data requests
may be directed to the corresponding authors.
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