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characteristics related to chromatin remodeling in 
thyroid cancer patients
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Abstract 
Thyroid cancer (THCA) is the 9th most common endocrine tumor worldwide. However, its etiology and pathogenesis are not fully 
understood. Therefore, this study aimed to identify the biomarkers associated with chromatin remodeling in patients with THCA. 
THCA-related datasets and chromatin remodeling related genes were included in this study. Differential expression analysis and 
2 machine learning algorithms were employed to identify candidate genes. Biomarkers were identified by receiver operating 
characteristic curve analysis. The prognostic potential of the biomarkers was explored using Kaplan–Meier (KM) survival analysis. 
Key genes linked to biomarkers were identified using weighted gene co-expression network analysis. Immune infiltration analysis 
was performed to explore differences in immune infiltration between THCA and control groups. Finally, the expression for biomarker 
was validated in clinical samples using reverse transcription quantitative polymerase chain reaction. Five biomarkers (CHD4, 
SMARCA2, CHD3, ATAD2, and SMARCA4) were screened. KM survival analysis revealed that patients with higher expression 
of SMARCA4, CHD4, and ATAD2 had a higher survival rate, whereas in the lower expression groups of CHD3 and SMARCA2, 
the survival rate of THCA patients was lower. A total of 98 genes related to biomarkers were identified using weighted gene 
co-expression network analysis. In addition, a total of 20 immune cells infiltrated differentially in THCA and controls, with the 
largest positive correlation between immature dendritic cells and ATAD2, with a correlation coefficient of 0.54, and a large positive 
correlation between CD56dim natural killer cells and SMARCA4, which was 0.5. Reverse transcription quantitative polymerase 
chain reaction revealed that the expression of biomarkers was consistent with the results of the bioinformatics analysis. In summary, 
SMARCA4, CHD4, and ATAD2 were overexpressed, whereas CHD3 and SMARCA2 were downregulated in THCA samples. This 
study identified 5 biomarkers (CHD4, SMARCA2, CHD3, ATAD2, and SMARCA4) associated with chromatin remodeling in THCA. 
Current reference points for the prevention and treatment.

Abbreviations: AUC = area under curve, CRRGs = chromatin remodeling related genes, CT = cycle threshold, DEGs = 
differentially expressed genes, KEGG = Kyoto encyclopedia of genes and genomes, KM = Kaplan–Meier, PTC = papillary thyroid 
carcinoma, SVM-RFE = Support vector machine-recursive feature elimination, SWI/SNF = SWItch/sucrose nonfermentable, TCGA 
= The Cancer Genome Atlas, THCA = thyroid cancer, TRβ = thyroid receptor beta, WGCNA = weighted gene co-expression 
network analysis.

Keywords: bioinformatics, biomarkers, chromatin remodeling, thyroid cancer

1. Introduction
Thyroid cancer (THCA) is the most common endocrine tumor 
and the 9th most common cancer worldwide. The incidence 
of common tumors has steadily increased over the past few 
decades.[1] With the incidence of THCA, its treatment of THCA 
is becoming increasingly standardized. Although most cases of 
early-stage thyroid carcinoma (THCA) can be cured by con-
ventional treatments, including surgical resection, radioactive 

iodine therapy, thyroid stimulating hormone -suppressive thy-
roxine therapy, chemotherapy, and radiotherapy,[2] the prog-
nosis of patients with locally advanced or metastatic disease 
remains unsatisfactory. This is mainly due to the fact that 
THCA cells often develop resistance to multiple therapeutic 
approaches, such as radiotherapy, chemotherapy, multi-kinase 
inhibitors, and immune checkpoint inhibitors.[3] These add chal-
lenges to subsequent treatment and prognosis rehabilitation 

 

SW and SS contributed to this article equally.

The authors have no funding and conflicts of interest to disclose.

The datasets generated during and/or analyzed during the current study are 
publicly available.

This study was approved in accordance with the Ethical Standards of the 
Institutional Ethics Committee of Jurong Hospital Affiliated to Jiangsu University, 
and the ethics approval number is JRH-IEC-2024018. All patients’ written 
informed consent was obtained.
a  Department of General Surgery, Jurong Hospital Affiliated to Jiangsu University, 
Jurong City, Jiangsu, China, b  Department of Oncology, Jurong Hospital Affiliated 
to Jiangsu University, Jurong City, Jiangsu, China.

*  , Correspondence: Xiang Chen, Department of General Surgery, Jurong Hospital 
Affiliated to Jiangsu University, No. 66, Ersheng Road, Huayang Subdistrict, 
Jurong City, Jiangsu 212400, China (e-mail: 1589416315@qq.com).

Copyright © 2026 the Author(s). Published by Wolters Kluwer Health, Inc.
This is an open access article distributed under the Creative Commons 
Attribution License 4.0 (CCBY), which permits unrestricted use, distribution, and 
reproduction in any medium, provided the original work is properly cited.

How to cite this article: Wang S, Sun S, Wang X, Chen X. Identification and 
comprehensive analysis of gene characteristics related to chromatin remodeling 
in thyroid cancer patients. Medicine 2026;105:20(e48824).

Received: 5 November 2024 / Received in final form: 19 February 2026 / 
Accepted: 26 April 2026

http://dx.doi.org/10.1097/MD.0000000000048824

https://orcid.org/0009-0003-1523-9049
mailto:1589416315@qq.com
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


2

Wang et al.  •  Medicine (2026) 105:20� Medicine

management. Therefore, it is necessary to study the diagnos-
tic markers and potential therapeutic targets of THCA to 
further understand the functional mechanisms underlying its 
development.

The remodeling of chromatin alters the transcription mech-
anism of DNA. Recent studies have shown that chromatin is 
highly dynamic and its filamentous structure is frequently mod-
ified by various complexes. The chromatin structure affects 
many aspects of DNA replication, recombination, repair, and 
transcriptional control.[4] In addition, widely developed molecu-
lar biological techniques have led to a new understanding of the 
role of chromatin remodeling in the development of diseases, 
especially cancers.[5] A recent study found that the SWItch/
sucrose nonfermentable (SWI/SNF) chromatin remodeling 
complex is key to maintaining THCA differentiation, and its 
loss leads to intolerance to radioactive iodine and resistance to  
mitogen-activated protein kinase inhibitor-based redifferenti-
ation therapies.[6] Thyroid receptor beta (TRβ)-mediated gene 
inhibition was found via brahma‐related gene 1 dependent 
chromatin remodeling.[7] In addition, loss of TRβ function can 
lead to the growth of THCA. TRβ-mutant variant is known to 
exhibit resistance to thyroid hormones and promote the devel-
opment of follicular THCA in a mouse model.[8] These results 
suggest that chromatin remodeling has great potential value in 
tumor progression, prognosis, and clinical therapy. However, 
the role of chromatin remodeling mechanisms in THCA is not 
fully understood and requires further exploration.

To investigate the role of chromatin remodeling in THCA 
patients, differential analysis, enrichment analysis, and machine 
learning were conducted to obtain differential genes, functional 
pathways, interaction between genes, and key genes. Expression 
verification experiments, KM curve analysis, clinical charac-
teristic analysis of biomarkers, weighted gene co-expression 
network analysis (WGCNA) analysis, and immune infiltration 
analysis were performed systematically and comprehensively. 
Moreover, elucidating the occurrence and development mech-
anisms of THCA at the molecular level and developing new 
biomarkers and therapeutic targets for the prevention and treat-
ment of THCA are important.

2. Materials and methods

2.1. Data source

The THCA-related RNA-seq dataset was downloaded from The 
Cancer Genome Atlas (TCGA) database (http://www.cancer.
gov). The TCGA-THCA database was downloaded and con-
tained 552 samples (496 thyroid samples from the THCA group 
and 56 paracancerous tissue samples). The GSE33630 dataset 
was downloaded from the Gene Expression Omnibus database 
(https://www.ncbi.nlm.nih.gov/geo/). The dataset contained 60 
papillary thyroid carcinoma (PTC) samples and 45 parane-
oplastic tissue samples. Chromatin remodeling related genes 
(CRRGs) were obtained from published literature and merged. 
After de-emphasis, a total of 177 CRRGs were obtained.[9]

2.2. Identification and analysis of candidate genes

Differentially expressed genes (DEGs) were obtained by compar-
ing the differences in gene expression between THCA samples and 
normal samples using the “DESeq 2” package (version 1.34.0) 
in the R language. (|log2 FC| > 0.5, P value <.05).[10] Candidate 
genes were identified by overlapping the DEGs and CRRGs.[10] To 
explore the biological functions and signaling pathways of candi-
date genes. Based on candidate genes, gene ontology enrichment of 
candidate genes, including biological process, cellular component, 
molecular function, and Kyoto encyclopedia of genes and genomes 
(KEGG), was performed using the R software package “clusterPro-
filer” (version 4.6.0). KEGG pathway enrichment was analyzed, 

and a P value of <.05 was considered as significantly enriched.[11] 
Determine interactions between candidate genes. The resulting can-
didate genes were mapped to the Search Tool for the Retrieval of 
Interacting Genes/Proteins database (https://string-db.org/) online 
search tool to predict protein-functional associations and pro-
tein–protein interactions, with a confidence score >0.4. Visualized 
using Cytoscape software (Cytoscape Consortium, http://www.
cytoscape.org/). The maximal clique centrality algorithm of the 
CytoHubba plug-in was used to score the genes selected from 
Search Tool for the Retrieval of Interacting Genes/Proteins data-
base and the top 10 genes were selected as candidate key genes.[12,13]

2.3. Identification of biomarkers

For additional screening of biomarkers, based on the candi-
date key genes, further screening of the feature genes were per-
formed by least absolute shrinkage and selection operator and 
support vector machine-recursive feature elimination (SVM-
RFE) with the R package “glmnet” (version 4.1.4) and the R 
package “e1071” (version 1.7-13; Department of Statistics, TU 
Wien),[11] respectively. Subsequently, the genes obtained from the 
2 algorithms were intersected to obtain the feature genes using 
the “ggVennDiagram” software package (version 1.2.2). The 
receiver operating characteristic curves of the feature genes were 
plotted in GSE33630, and the genes with an area under the curve 
(AUC) >0.7 were selected as candidate biomarkers. Expression 
analysis was then performed, and the candidate biomarkers with 
discrepant expression levels between THCA and controls as well 
as consistent expression trends in TCGA-THCA and GSE33630 
datasets were selected as biomarkers (P value <.05).[14,15]

2.4. Survival analysis and clinical profiling

To explore the prognostic potential of biomarkers, all THCA sam-
ples in TCGA-THCA were divided into high and low expression 
groups based on the optimal thresholds for biomarker expres-
sion, and Kaplan–Meier (KM) survival analysis was performed 
using the R package “survminer” to assess the survival differ-
ences of THCA patients in the high and low expression groups 
(P value <.05). To explore the correlation between biomarkers 
and clinical characteristics (age, sex, and pathologic_M). THCA 
samples containing clinical information from TCGA-THCA. 
Differences in biomarker expression between the groups were 
analyzed using the t-test or 1-way ANOVA (P value <.05).[15]

2.5. Weighted gene co-expression network analysis 
(WGCNA)

In this study, WGCNA was performed using the R package 
“WGCNA” (version 1.71; University of California)[16] to screen 
for genes associated with biomarkers. First, the samples were 
clustered to identify and remove outliers. Next, a soft threshold 
was chosen to ensure the best agreement between gene interac-
tions and the scale-free distribution. Subsequently, gene similari-
ties were calculated using the neighbor-joining method to create 
a systematic clustering tree. A hybrid dynamic tree-cutting algo-
rithm was used to create co-expression networks with each gene 
module containing at least 100 genes. Finally, the obtained mod-
ules were correlated with traits to identify key modules, and the 
genes in these key modules were designated as genes associated 
with biomarkers.[16]

2.6. Enrichment analyses of key genes

Key genes were identified by intersecting genes associated with 
biomarkers and DEGs. They were subjected to gene ontology 
and KEGG enrichment analyses to explore their functions (P 
value <.05).

http://www.cancer.gov
http://www.cancer.gov
https://www.ncbi.nlm.nih.gov/geo/
https://string-db.org/
http://www.cytoscape.org/
http://www.cytoscape.org/
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2.7. Immune infiltration analysis

To obtain a comprehensive picture of the infiltration landscape 
of immune cells in the THCA and normal groups. The abun-
dance values of immune cells in all samples of the TCGA-THCA 
dataset were calculated using ssGSEA (Broad Institute, Inc., and 
University of California), followed by a t test to analyze the dif-
ferences between immune cells in THCA and normal controls.[17] 
To understand the correlation between biomarkers and immune 
cells, Spearman correlation analysis of biomarkers and differen-
tiated immune cells was performed based on all samples in the 
training set.[18]

2.8. Experimental verification

This study was approved in accordance with the Ethical 
Standards of the Institutional Ethics Committee of Jurong 
Hospital Affiliated to Jiangsu University, and the ethics 
approval number is JRH-IEC-2024018. All patients writ-
ten informed consent was obtained. After obtaining approval 
from the Ethics Committee of our hospital, we extracted 5 
pairs of tissue samples (cancerous tissue and adjacent tissue) 
from patients who were clearly diagnosed with THCA and 
underwent concurrent surgery. The total RNA extraction kit, 
reverse transcription kit and 2× Universal Blue SYBR Green 
qPCR Master Mix were purchased from Wuhan Xavier 
Biotechnology Co., Ltd., and the target gene primer sequence 
was synthesized by Wuhan Xavier Biotechnology Co., Ltd.. 
The internal reference gene GAPDH sequence: justice chain is 
5′-GGAAGCTTGTCATCAATGGAAATC-3′, antisense chain is 
5′-TGATGACCCTTTTGGCTCCC-3′; CHD4 sequence: justice 
chain is 5′-GGAAGCTTGTCATCAATGGAAATC-3′, antisense 
chain is 5′-TTTGGGCTCTGTCTCCATAGGT-3′; SMARCA2 
sequence: justice chain is 5′-GTGTCTCCCATCCTATGCCGA-3′, 
antisense chain is 5′-ACATAGGGCTGGAGACGTGCT-3′; 
CHD3 sequence: justice chain is 
5′-GAAAGCTGAAGGAGCAAGGACA-3′, antisense chain is 
5′-CAGGAGGAAGCAGAATTGTTGG-3′; ATAD2 sequence: 
justice chain is 5′-AATGTGGAAATAACGGAGCAAC-3′, and 
antisense chain 5′-CCTCAATGACCGAGTAACTGGAA-3′. 
SMARCA4 sequence: the justice chain was 
5′-CCGAGCAACCAACCACAAA-3′ and the antisense chain 
was 5′-GTTCCATCAAGCCTGAGGTATTT-3′.

All experimental steps for total RNA extraction were per-
formed according to the manufacturer instructions. One 
microliter of the extracted RNA was used for concentra-
tion detection with a NanoPhotometer N50 (Implen GmbH, 
Munich, Germany), and the recorded purity/concentration 
was used to calculate the amount of RNA required for subse-
quent reverse transcription steps. Subsequently, the RNA was 
reverse transcribed into cDNA using Servicebio SweScript First 
Strand cDNA Synthesis Kit in accordance with the manufac-
turer instructions. Then, the cDNA was diluted 5 to 20 times 
with deionized water (without RNase/ARase), 3 μL of cDNA, 
5 μL of 2× Universal Blue SYBR Green qPCR Master Mix, 1 
μL of the forward primer (10 μM), and 1 μL of the reverse 
primer (10 μμM). Furthermore, 40 reaction cycles were con-
ducted using a CFX96 real-time quantitative polymerase chain 
reaction instrument. The 2−ΔΔCT method was used: A = cycle 
threshold (CT) (target gene, sample to be tested) − CT (inter-
nal standard gene, sample to be tested), B = CT (target gene, 
control sample) − CT (internal standard gene, control sample), 
K = A–B, the expression multiple = 2 − K was, and calculated 
the mean and standard deviation were calculated. SPSS software 
(IBM Corporation, IBM SPSS Statistics) was used to analyze the 
data, and the mean and standard deviation were calculated. A 
t test was carried out, and the difference was considered statis-
tically significant if p- P value was <.05. Cancer tissue samples 
were taken as the experimental group, paracancer tissue as the 
control group, and expression multiple as the Y-axis variable. 

GraphPad Prism software (GraphPad Software, Inc., San Diego) 
was used to generate histograms showing the differences in 
desired gene expression.

2.9. Statistical analysis

The t test was used to compare differences between the 2 groups. 
ssGSEA-calculated abundance values. Spearman correlation 
coefficient was calculated using Spearman correlation coeffi-
cient. KM survival analysis with log-rank test was performed 
to assess significant differences in overall survival between the 2 
groups. Statistical significance was set.

At P value <.05.[19]

3. Results

3.1. Totally 10 candidate key genes were identified

A total of 8591 DEGs were identified through differential expres-
sion analyses, of which 4257 were upregulated and 4334 were 
downregulated (Fig. 1A and B). A total of 36 candidate genes were 
obtained by taking the intersection of 8591 DEGs and 177 genes 
associated with chromatin remodeling complexes (Fig. 1C). These 
candidate genes were enriched in chromatin remodeling, the SWI/
SNF superfamily type complex, ATPase complex, histidine deacetyl-
ase complex, and nucleosome remodeling and deacetylase complex. 
Deacetylase complex and nucleosome remodeling and deacetylase 
complex (Fig. 1D). Candidate genes were significantly enriched 
in the adenosine triphosphate-dependent chromatin remodeling, 
hepatocellular carcinoma, THCA, endometrial cancer, and basal 
cell carcinoma pathways (Fig. 1E). The protein–protein interactions 
regulatory network of candidate genes contained 29 nodes and 62 
interaction pairs, including SMARCA4-CHD4 and CHD3-TOP2A 
(Fig. 1F). Using the maximal clique centrality algorithm of the 
CytoHubba plugin, the top 10 genes were screened as candidate key 
genes: SMARCA4, CHD4, CHD3, TOP2A, GATAD2A, BAZ1A, 
SMARCA2, and ATAD2. HELLS and CDC6 (Fig. 1G).

3.2. CHD4, SMARCA2, CHD3, ATAD2 and SMARCA4 
served as biomarkers in THCA

Five least absolute shrinkage and selection operator-featured 
genes (SMARCA4, CHD4, CHD3, GATAD2A, and SMARCA2) 
intersected with 7 SVM-REF-featured genes (CHD4, 
SMARCA2, CHD3, ATAD2, TOP2A, SMARCA4, and BAZ1A), 
producing 5 feature genes (CHD4, SMARCA2, CHD3, ATAD2, 
and SMARCA4) (Fig. 2A–D). Receiver operating characteristic 
curves showed that the AUCs of the 5 feature genes were all >0.7 
in both TCGA-THCA and GSE33630 datasets. Consequently, 
they were used as biomarkers for subsequent analyses (Fig. 2E).

3.3. The expression of CHD4, SMARCA2, CHD3, ATAD2 
and SMARCA4 in THCA and normal samples

The results showed that in the training set, 5 biomarkers were 
significantly different between the THCA and normal samples, 
and the expression of SMARCA4, CHD4, and ATAD2 was sig-
nificantly higher in the THCA samples, but the expression of 
CHD3 and SMARCA2 was significantly lower. In addition, in 
the validation set, the 5 biomarkers were significantly different 
between the THCA and normal samples, and the trend was con-
sistent with the training set (Fig. 3A and B).

3.4. High expression of SMARCA4, CHD4 and ATAD2 might 
increase the survival probability of THCA patients

We found no significant expression of biomarkers when 
age, sex, and pathologic_M were used as clinical features. 
However, significant differences were observed in the 
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Figure 1.  (A) Volcano map of differentially expressed genes. Each dot in the figure represents a gene, with yellow representing upregulated differential genes, 
blue representing downregulated differential genes, and gray representing nonsignificant differential genes. (B) Heat map of differentially expressed genes. Each 
column represents a sample, each row represents the expression level of each gene in a different sample, and the heatmap color represents the amount of 
gene expression in the sample. Green indicates normal samples and red indicates diseased samples. (C) The intersection of differentially expressed genes 
and 177 chromatin remodelling complex-associated genes. (D) GO enrichment analysis of candidate genes. Circles in the figure represent enriched pathways, 
with different colors denoting their classification under cellular component, molecular function, and biological process. The table on the right lists the enriched 
pathways. (E) Intersection gene from KEGG enrichment analysis. The blue represents downregulated genes, red represents upregulated genes, and the table on 
the right represents enriched pathways. (F) Intersection gene from PPI network. Each node represents an intersection gene and the lines represent interactions 
between genes. (G) Candidate key gene PPI network. Each node represents each gene, and the lines represent the interactions between genes. GO = gene 
ontology, KEGG = Kyoto encyclopedia of genes and genomes, PPI = protein–protein interaction.
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expression of CHD4, CHD3, SMARCA2, and ATAD2 when 
pathologic_N was used as a clinical feature, and significant 
differences were observed in the expression of SMARCA4 
and SMARCA2 when pathologic_T and stage were used as 
clinical features (Fig. 4A). KM survival analysis revealed 
that patients with higher expression of SMARCA4, CHD4, 
and ATAD2 had a higher survival rate, whereas in the lower 
expression groups of CHD3 and SMARCA2, the survival 
rate of THCA patients was lower (Fig. 4B).

3.5. WGCNA acquisition of genes associated with 
biomarkers

First, the samples were clustered and analyzed using the samples 
below the red line (Fig. 5A). The soft threshold was determined 
to be 8 when R2 exceeded 0.85, and the mean connectivity 
approached zero (Fig. 5B). A total of 23 modules were seg-
mented with a minimum number of genes per gene module of 
25, a total of 23 modules were segmented and gray modules 

Figure 2.  Genes from LASSO machine learning algorithms. (A) Each curve represents the change trajectory of each independent variable coefficient, the 
ordinate is the coefficient value, and the abscissa is the model at this time which the number of nonzero coefficients. (B) The abscissa is log(Lambda), and the 
ordinate represents the error of cross-validation. The red dots represent the mean square error and 1 standard deviation up or down. The smaller the mean 
square error, the better the model; The number above indicates the number of independent variables still present in the model (not necessarily monotonically 
decreasing). The 1st dotted line indicates the minimum mean square error; The 2nd dotted line shows the position of 1 standard deviation at the lowest point, 
representing the simplest model that can be obtained with 1 standard deviation sacrificed. (C) SVM-RFE result. The horizontal coordinate represents the number 
of features, and the vertical coordinate represents the error rate of the curve changes after a 10-fold cross-validation. The circles represent the lowest error rate 
for curve changes after 10× cross-validation. (D) Venn map of characteristic genes. The pink module on the left represents genes screened by Lasso, and the 
gray pink module on the right represents genes screened by SVM-RFE. (E) ROC curve analysis and verification of characteristic genes. (left: training tests; right: 
validation tests). LASSO = least absolute shrinkage and selection operator, SVM-RFE = support vector machine-recursive feature elimination.
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were excluded (Fig. 5C). Finally, 98 genes associated with bio-
markers were identified based on the 1989 genes screened in the 
BLUE module (Fig. 5D and E).

3.6. Acquisition and analysis of key genes

The 98 genes associated with biomarkers and the 8591 
DEGs were crossed, obtaining a total of 98 key genes were 
identified (Fig. 6A). Key genes were found to be enriched 
in the positive regulation of smooth muscle contraction, 
smooth muscle contractions in the gastrointestinal system, 
positive regulation of smooth muscle contractions, detection 
of mechanical stimuli in perception, and positive regulation 
of muscle contractions (Fig. 6B). In addition, they were sig-
nificantly enriched in pathways for the detection of mechan-
ical stimuli in sound perception and regulation of smooth 
muscle contractions (Fig. 6C).

3.7. Totally 20 immune cells were infiltrated differentially in 
THCA and controls

A total of 20 immune cells differed between the THCA and 
normal groups, including activated cluster of differentiation 
8+ T cells and central memory cluster of differentiation 8+ T 
cells (Fig. 7A). The results showed a strong positive correla-
tion between immature dendritic cells and ATAD2, with a 
correlation coefficient of 0.54, and a strong positive correla-
tion between CD56dim natural killer cells and SMARCA4, 
with a correlation coefficient of 0.5. The strongest negative 
correlation was observed between CD56dim natural killer 
cells and SMARCA2, with a correlation coefficient of −0.68 
(Fig. 7B).

3.8. The expression trend of biomarkers in clinical samples 
was consistent with the results of bioinformatics

According to the statistical data, the expression levels of 
SMARCA4, CHD4, and ATAD2 in THCA tissues were signifi-
cantly higher than those in the paracancer tissue group, while 
the expression levels of CHD3 and SMARCA2 in THCA tissue 
were relatively lower than those in paracancer tissue (Table 1), 
with a P value <.05, considered statistically significant using 
SPSS software. The expression multiples of the 5 target genes in 
cancer tissues and adjacent tissues were compared by histogram 
(Fig. 8) using GraphPad Prism software.

4. Discussion
The incidence of THCA has increased significantly worldwide 
and is growing faster than that of other tumors. Some special 
pathological types of THCA are characterized by high rates of 
aggression and distant metastasis and are found at late stages, 
leading to a significant decline in survival.[20–22] Chromatin 
remodeling is a series of biological processes mediated by chro-
matin remodeling complexes that are fundamentally character-
ized by changes in nucleosomes on chromatin.[23] Nucleosomes 
play a crucial rule in controlling gene expression, but a complex 
cellular mechanism working in concert with transcription fac-
tors is required to mobilize nucleosomes to control gene expres-
sion.[24] Chromatin remodeling occurs in many cancers and 
is considered a potential marker for cancer development and 
progression.[25] Chromatin remodeling is considered a contrib-
uting factor in the occurrence and progression of THCA. TRβ 
induces local nucleosomal structural recombination, resulting in 
changes in chromatin accessibility, which leads to the expression 
or inhibition of some genes and changes in related expression 
pathways, resulting in the occurrence and development of dis-
ease.[7] Therefore, it is urgent to search for biomarkers related to 
chromatin and THCA to aid in the diagnosis and treatment of 
this disease.

The chromosomal structural domain-helicase DNA-binding 
proteins (CHD) family consists of proteins involved in the 
epigenetic regulation of chromatin remodeling, which use 
the energy generated by adenosine triphosphate hydrolysis to 
remodel chromatin structure and regulate the attachment of 
transcription factors to genes. CHDs are involved in cellular 
transcription, proliferation, and DNA damage repair, as well 
as in the regulation of stem cell survival.[26–29] Of them, CHD3 
acts through covalent modification with histone H3K9[30] and is 
involved in DNA damage repair.[31] Frameshift mutations and 
loss of CHD3 expression are common in gastric and colorec-
tal cancers with microsatellite instability‐high. These changes 
may contribute to cancer pathogenesis by unwinding the CHD-
mediated regulation of chromatin remodeling regulation.[32] 
CHD3 and CHD4 were inextricably linked in the study by 
Helen Hoffmeister et al, CHD3 levels in thymus of mice were 
elevated after CHD4 was knocked out.[33]

CHD4 is located in human chromatin 12p13 and is involved 
in chromatin reorganization and DNA damage repair through 
the deacetylation of histones.[34–36] Mutations in CHD4 are 
expressed in several cancer types. Le Gallo et al found somatic 
mutations in CHD4, which is a chromatin remodeling mutated 
gene, in 17% of patients with plasma cell endometrial cancer.[37] 

Figure 3.  Biomarker differential expression changes green is THCA sample, red is normal sample. (A) The expression of biomarkers in the training set. (B) The 
expression of biomarkers in the verification set. THCA = thyroid cancer.
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Similarly, Zhao et al identified CHD4 mutations in 11 (21%) of 
52 patients with uterine serous carcinoma.[38] Kim et al reported 
that loss of CHD4 expression was observed in 56.4% of gastric 
cancers and 55.7% of colorectal cancers.[32] CHD4 promotes 
cell proliferation, spheroid growth, migration, and progres-
sion of epithelial transition in PTC cells, and might be a prom-
ising target in the treatment of PTC, which overexpression in 
PTC patients can lead to poorer prognosis and poorer clinical 
staging.[39]

SWI/SNF chromatin remodeling complex plays an important 
role in chromatin remodeling and is composed of many variable 
subunits. It mainly includes 2 catalytic subunits (SMARCA2 
and SMARCA4), 3 core subunits, and auxiliary regulatory 

subunits.[40] SMARCA2 is critical for cellular metabolism, DNA 
repair, tumor angiogenesis, progression, and metastasis.[41] 
SMARCA2 deficiency is an independent risk factor for the prog-
nosis of gastric cancers by constructing a nomogram prognostic 
model[42] and NSCLC patients in which the SMARCA2-negative 
group had a worse survival and prognosis than the SMARCA2-
positive group.[43] SMARCA4 is pivotal in gene transcription, 
differentiation, and DNA damage repair, which are similar to 
SMARCA1 and show high-frequency mutations in tumors.[44] 
High expression of this gene is associated with poor prognosis 
in many types of tumors, including hepatocellular carcinoma 
and clear cell carcinoma of the kidney. The loss of SMARCA2 
was discovered through genomic and transcriptomic landscapes 

Figure 4.  (A) Analysis of clinical characteristics of biomarkers. Different colors in the diagram represent different groups. (B) KM survival analysis of biomarkers. 
The high expression group is shown in yellow and the low expression group is shown in green. KM = Kaplan–Meier.
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Figure 5.  (A) Clustering of module eigengenes. The branch represents the sample and the ordinate represents the height of the hierarchical cluster. The red line 
represents the outlier samples. (B) The selection of soft threshold β. The horizontal axis represents the power value of the weight parameter, the vertical axis of 
the left figure is the scale-free fit index (signed R2), and the vertical axis of the right figure represents the mean value of all the gene adjacency functions in the 
corresponding gene module. (C) Module cluster diagram. The upper part is the hierarchical clustering tree of genes, and the lower part is the gene module. The 
genes that cluster into the same branch are divided into the same module, with different colors representing different modules. (D) Heat map of the relationship 
between traits, gene modules and traits based on biomarkers. The darker the color, the higher the correlation, with red being positively correlated and blue 
being negatively correlated. The numbers in the cell represent the correlation and significance, the top row is the correlation, the bottom row is the P value 
(significance), the left side is the gene module of different colors, and the color bar on the right represents the correlation range. (E) Key module gene screening. 
The horizontal and vertical lines represent GS and MM thresholds, respectively. GS = gene significance, MM = module membership.
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in patients with anaplastic THCAs,[45] which is consistent with 
our research.

ADAT2, also known as ANCCA, is located on human chromo-
some 8q24. The encoded protein contained 2 AAA regions and 
1 bromine domain. ATAD2, a cofactor of c-myelocytomatosis 
 oncogene, estrogen receptor α, andandrogen receptor, is reg-
ulated by androgens, estrogens, and E2Fs (E2F1–E2F3) and is 
significantly overexpressed in liver, prostate, lung, and ovarian 
cancers. High ATAD2 expression is associated with tumor stage, 
tissue grade, lymph node metastasis, and poor prognosis.[46–48] 
A study by Sun et al showed that ATAD2 was significantly 
highly expressed in PTC tissues and correlated with tumor size. 
Downregulation of ATAD2 expression might significantly induce 

apoptosis of PTC cells and inhibit migration and invasion of PTC 
cells. NEAT1_2 plays a role in antiapoptosis and promotes PTC 
cell migration and invasion by regulating ATAD2 expression.[49] 
The results of the above study are consistent with our research, 
which verifies the role of ATAD2 in the occurrence and develop-
ment of THCA, and high expression of ATAD2 in THCA tissues. 
However, there are no relevant reports on the gene expression 
of SMARCA4 and CHD3 in THCA patients; therefore, this 
research has a certain innovative significance.

In summary, we identified, for the 1st time, a series of bio-
markers associated with chromatin remodeling in THCA through 
TCGA and Gene Expression Omnibus databases and performed 
rigorous experimental validation. Five biomarkers were finally 

Figure 6.  (A) Venn map of key genes. The yellow module on the left represents the genes screened by the key module and the green module on the right 
represents the differential genes. (B) GO enrichment analysis of key genes. The circles in the figure represent different enriched pathways, the different colors 
indicate that these pathways belong to CC, MF, and BP, and the table on the right represents the top ten enriched pathways. (C) KEGG enrichment analysis of 
key genes. The blue and red dots represent different genes, with blue representing downregulated genes, red representing upregulated genes, and the table 
on the right represents the top ten enriched pathways. BP = biological process, CC = cellular component, GO = gene ontology, KEGG = Kyoto encyclopedia 
of genes and genomes, MF = molecular function.
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obtained with AUCs >0.7 on both the training and validation sets. 
Our study showed that immune cell infiltration is involved in the 

development of THCA. The study revealed significant positive cor-
relations between some biomarkers and some immune cells (imma-
ture dendritic cells and ATAD2; CD56dim natural killer cells and 
SMARCA4) or negative correlations (CD56dim natural killer cells 
and SMARCA2), which may be involved in regulating the immune 
biological processes of epidemic cells. However, this study has some 
limitations. A more detailed genetic analysis of tissue samples from 
patients was lacking. However, the application of targeted drugs 
requires further clinical testing. Finally, the function of the desired 
gene needs to be studied further to explore its precise biological 
mechanism.

5. Conclusion
These 5 signature genes (SMARCA4, CHD4, ATAD2, CHD3, and 
SMARCA2) may be new potential biomarkers for the treatment of 
THCA patients, and high expression of SMARCA4, CHD4, and 
ATAD2 may increase the probability of survival in THCA patients. 
Conversely, low expression of CHD3 and SMARCA2 may reduce 
the probability of survival. These findings provide new insights into 
the diagnosis and treatment of TCHA.

Figure 7.  (A) Differences in the abundance of immune cells between THCA and normal controls. (B) Heatmap showing the correlation between biomarkers and 
differentially expressed immune cells. THCA = thyroid cancer.

Table 1

Statistical analysis of the expression levels of target genes by SPSS, a P value was considered statistically significant.

Control THCA P value

CHD4 0.558 ± 0.112 1.178 + 0.317 .003
SMARCA2 0.934 ± 0.129 0.508 + 0.168 .002
CHD3 0.926 ± 0.135 0.57士0.093 .0013
ATAD2 0.508 ± 0.115 1.042士0.184 .006
SMARCA4 0.686 ± 0.126 1.576士0.288 .0002

THCA = thyroid cancer.

Figure 8.  The expression multiples of 5 genes were compared by histogram.
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