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Abstract
Background

131Iodine (131I) is an important method for the treatment of thyroid cancer. However, resistance to 131I
therapy in some patients results in treatment failure due to the mechanisms involving iodine metabolism
and radiotherapy sensitivity. At present, the mechanism of radiosensitivity of 131I treatment for thyroid
cancer is not su�ciently documented.

Methods

Time course data on transcriptome differential expression were obtained by next-generation sequencing
after administration of high-dose radiation therapy to thyroid cancer cell lines (treated vs. control). Based
on the fuzzy clustering algorithm, the time course data were analyzed with the Mfuzz software package,
and then the series of clusters re�ecting the differential expression trend of the transcriptome was
obtained. Bioinformatics was used to construct ceRNA-miRNA-mRNA networks, protein-protein interaction
(PPI) networks, survival analysis, and Cox regression analysis to identify competing endogenous RNA
(ceRNA) pathways associated with radiosensitivity.

Results

Six time-course clusters with differentiated changing trends are obtained after radiation therapy. Six
ceRNA networks are constructed from the 6 time-course clusters transcriptome data, and the hub genes
are screened out. After survival analysis and Cox regression analysis, a total of six genes, BNIP3L,
TP53INP2, CHAF1A, KDM6B, NUP153, and DCBLD, and their ceRNA pathways were screened. These
ceRNA pathways are mainly involved in mitophagy, autophagy, apoptosis, proliferation, DNA damage,
and repair, and are closely related to the mechanisms of radio-sensitivity.

Conclusion

We identi�ed several ceRNA pathways potentially involved in the regulation of thyroid cancer
radiosensitivity, which provides important clues for the mechanistic study of thyroid cancer
radiosensitivity. To our knowledge, this is the �rst systematic and comprehensive analysis of
transcriptome alteration trends in thyroid cancer cells after radiation and the prediction of pathways
associated with sensitivity to radiotherapy. 

1 Introduction
In 2020, there were 586,202 new cases of thyroid cancer worldwide and 43,646 deaths, accounting for
3.0% and 0.4% of the total number of tumor incidences and deaths, respectively [1]. More than 90% of
thyroid cancers are differentiated thyroid cancers (DTC), including papillary thyroid cancer and follicular
thyroid cancer. The current treatments for DTC include surgery and postoperative 131I internal
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radiotherapy and thyroid hormone suppression therapy. 131I is an effective and safe treatment for
patients with unresectable distant metastases and local recurrence after DTC surgery. More than 50% of
patients with distant metastases can bene�t from 131I therapy [2].

However, patients who are resistant to 131I have a poor prognosis [3]. The cause of 131I resistance is
related to dysfunctional iodine metabolism and poor sensitivity to radiotherapy in DTC cells [3, 4]. The
regulation of iodine metabolism in DTC involves BRAF gene mutation, TERT promoter mutation,
epigenetics, and other mechanisms [5, 6]. Studies have shown that BRAF gene mutations and TERT
promoter mutations lead to reduced expression of iodine metabolism genes and reduced 131I uptake in
DTC lesions. In particular, when BRAF gene mutations and TERT promoter mutations overlap, thyroid
cancer lesions almost lose the ability to take up 131I [5]. The mutation of the BRAR gene reduces the
expression of iodine metabolism genes by activating the MAPK pathway [6]. Targeted inhibition of the
MAPK pathway can reverse iodine uptake in DTC. It has also been observed that iodine uptake is restored
in patients' lesions after treatment by targeting the MAPK pathway [7]. However, studies on the
mechanism of radiotherapy sensitivity of 131I in DTC are still limited.

Radiation therapy (x-rays, beta-rays, alpha-rays) deposits energy directly on DNA or indirectly (reactive
oxygen species) on DNA, causing DNA damage and initiating the death mechanism [8, 9]. Meanwhile,
tumor cells also have some mechanisms, such as DNA damage repair and cell cycle arrest, to avoid cell
death induced by DNA damage [8]. 131I serves as a therapeutic agent by emitting beta radiation to induce
DNA damage and tumor cell death [10]. Although some patients have an uptake of 131I in their lesions,
the treatment is not effective or even progresses, and these patients are radiation therapy-resistant [4, 8].
In this study, thyroid cancer cells were treated with high-dose radiation and total RNA was collected at
different times. Through next-generation sequencing and bioinformatics analysis techniques, we
screened the characteristic transcriptomic changes in thyroid cancer cells with time progression after
radiation therapy and obtained ceRNA pathways that may be associated with radiosensitivity.

2 Method And Materials
2.1 Cell culture

BCPAP cell line was cultured on RPMI-1640 medium (Gibco; ThermoFisher, Shanghai, China),
supplemented with 10% FBS (Gibco; ThermoFisher, Shanghai, China), 1% non-essential amino acids
(Gibco, Fisher, Shanghai, China), 1% sodium pyruvate (100mM), Solution (Gibco; Fisher, Shanghai, China),
100 U/ml penicillin and 100 g/ml streptomycin. BCPAP cell lines were validated by comparing DNA short
tandem repeat data with ATCC, DSMZ, JCRBRIKEN, and EXPASY databases, and no multiple alleles were
found in these cell lines. BCPAP cell line was certi�ed by Applied Biomaterials Co., Ltd. (Zhenjiang,
China).

BCPAP cells were grown in six-well plates and given 6 Gy irradiation after reaching 70% fusion (Siemens
AG; 200 cGy/min). Total RNA was obtained at 2 h, 24 h, 48 h, and 72 h after irradiation. TRIzol reagent
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(Invitrogen, Shanghai, China) was used to obtain total RNA from the cell lines according to the
manufacturer's protocol. A nanodrop spectrophotometer (nanodrop technology) was used to determine
the concentration of total RNA. After next-generation gene sequencing (lc-bio, Hangzhou, China), the
different expression pro�les of each group of RNAs (including mRNA, lncRNA, and circRNA) were
obtained.

2.2 Mfuzz time clustering analysis

Using the Mfuzz package in R language and the fuzzy c-means algorithm, the next-generation
sequencing data are grouped into different clusters according to the characteristics of time-course
changes [11].

2.3 Construction of a regulatory network of competitive endogenous RNAs (ceRNAs)

Long-stranded RNA (mRNA, lncRNA, and circRNA) clusters data obtained by Mfuzz time clustering
analysis were used to predict miRNAs sponged by ceRNAs (lncRNA and circRNA), and miRNAs targeting
mRNAs using bioinformatics tools included miRMap [12], miRanda [13], miRDB [14], TargetScan [15],
miTarBase [16] and starbase [17]. Thus, miRNAs are the core of bridging lncRNA/circRNA and mRNA, and
the bioinformatics tool Cytoscape v3.7 [18] was used to predict and construct the regulatory network of
lncRNA/circRNA-miRNA-mRNA for each cluster.

2.4 Protein-protein interaction (PPI) network

The online tool STRING [19] was used to analyze protein-protein interactions (PPI). In this study,
con�dence (combined score) > 0.4 was chosen as the threshold for protein-protein interactions.
Cytoscape v3.7 was used to analyze the topology of PPI relationship networks. From biological networks,
it can be seen that most biological networks obey the properties of scale-free networks. Therefore,
connectivity analysis in network statistics was used to obtain protein interactions in PPI networks. the
core nodes of PPI networks serve as hub genes/proteins [20].

2.5 Survival analysis

The hub genes in the above ceRNA network were analyzed by survival analysis and Cox regression
analysis using the TCGA database [21]. Based on the median expression of core genes in the TCGA
database, they were divided into high and low expression groups.

2.6 Statistical Analysis

Data are expressed as mean ± SEM. Comparisons between two groups were determined by a two-tailed
Student's t-test. Statistical analyses were performed with SPSS 22.0 software or R software, as detailed in
the corresponding study section. p < 0.05 was considered statistically signi�cant.

3 Results
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3.1 Time-course changes in gene expression pro�les after radiotherapy for thyroid cancer cell line.

BCPAP cells were given 6Gy radiation treatment and total RNA was obtained at different time points (2,
24, 48, 72h) and total RNA was obtained from BCPAP cells that did not receive radiation treatment as a
control group. After next-generation gene sequencing, transcriptome differential expression gene pro�les
were obtained for each group of cells after radiation treatment (treatment vs. control).

Mfuzz was used to perform the cluster analysis based on a fuzzy clustering algorithm on the time course
data. In total, we found six clusters with different characteristic trends of gene expression pro�les (mRNA,
circRNA, lncRNA) as time progressed (Fig. 1). The main features of the gene pro�le pooled by the six
clusters showed a decrease �rst and an increase later (group 1), a continuous decrease (group 2), an
early increase and a later decrease (groups 3, 4, and 6) and a continuous increase (group 5) with the
progression of time (Fig. 1).

3 .2 Construction of ceRNA network.

miRNAs are the "bridges" connecting long non-coding RNAs (circRNAs and lncRNAs) exerting regulatory
effects on mRNA expression. Bioinformatics tools were used to predict the binding relationships between
miRNAs and mRNAs, miRNAs and lncRNAs/circRNAs, and to identify the miRNA relationship pairs
corresponding to circRNA/lncRNAs and mRNAs in each cluster. Construction of lncRNA-miRNA-mRNA
and circRNA-miRNA-mRNA ceRNA network maps using Cytoscape v3.7 (Fig. 2).

3.3 PPI network analysis.

The genes in the above ceRNA network were selected for protein-protein interaction (PPI) analysis using
the online tool STRING. the expression of Cluster2 and cluster5 genes was decreasing and increasing.
Therefore, the genes of Cluster2 and cluster5 were combined for PPI analysis, and the other clusters were
all carried out for separate PPI analysis. The topology of the PPI relationship network was analyzed with
Cytoscape v3.7 to obtain the hub proteins involved in the PPI network (Fig. 3).

3.4 Survival analysis

The survival analysis was demonstrated by combining the clinicopathological characteristics of thyroid
cancer (THCA) in the TCGA database and the expression of pivotal genes in the PPI network. Univariate
Cox regression analysis showed that six genes (BNIP3L, TP53INP2, CHAF1A, KDM6B, NUP153, DCBLD)
were associated with survival in patients with thyroid cancer in clusters 1 to 6 (p 0.05, Figure S1). Among
the clinicopathological features, age, disease stage, and T-stage were all associated with patient survival
(p 0.05, Figure S1). Among them, patients with high expression of CHAF1A and DCBLD had better
survival outcomes (p 0.05, Fig. 4C and E). However, patients with high expression of BNIP3L, TP53INP2,
KDM6B, and NUP153 had poor survival outcomes (p 0.05, Fig. 4A, B, D, and F ).

In the multivariate Cox regression analysis of the above six genes combined with clinicopathological
characteristics separately, there was still a signi�cant correlation between age and patient survival in
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each group (p 0.05, Figure S2), but individual genes were not signi�cantly correlated with patient survival
(p > 0.05, Figure S2). However, KDM6B and age were associated with patient survival in a multivariate
COX regression analysis of the above six genes together and clinicopathological characteristics (p 0.05,
Fig. 5). By analyzing the ceRNA network diagram (Fig. 2), we obtained ceRNA pathways associated with
BNIP3L, TP53INP2, CHAF1A, KDM6B, NUP153, and DCBLD2 (Table 1).

Table 1
Summary of ceRNA network of survival-related hub genes in Univariate Cox Regression analysis

Cluster lncRNA/circRNA-miRNA-Gene Genes main functions

Cluster1 Circ-0000643-miR-582-3p/628-5p-BNIP3L Mitophagy [22], apoptosis [23]

Cluster1 NEAT1-miR-449b-5p-TP53INP2 Autophagy [24], apoptosis [25]

Cluster2 OHRLOS-miR-519b-3p-CHAF1A mediate chromatin assembly in DNA
replication and DNA repair, anti-
apoptosis [26, 27]

Cluster3 Circ-0000426-miR-2115-3p/374b-5p-NUP153 DNA damage and repair, proliferation
[28, 29]

Cluster3 Circ-0001461-miR-1287-5p-NUP153 DNA damage and repair, proliferation
[28, 29]

Cluster4 circ-0001278-miR-19a/b-3p/miR-130a/b-
3p/miR-454-3p/miR-301a/b-3p/miR-4295/miR-
519b-3p-DCBLD2

Proliferation, migration, apoptosis [30]

Cluster4 Circ-0001388-miR-197-3p-DCBLD2 Proliferation, migration, apoptosis[30]

Cluster5 circ-0000714-miR-29a/b-3p-KDM6B dual role in cancer[31]

4 Discussion
The biological behavior of tumors is regulated by genes[32]. Radiotherapy sensitivity studies of 131I
internal radiotherapy in thyroid cancer are still limited until now. In contrast, characterizing the changes in
gene expression pro�les after radiotherapy for thyroid cancer can help provide a clear map for studying
the sensitivity of 131I internal radiotherapy for thyroid cancer. Competing endogenous RNAs (ceRNAs)
mainly included long noncoding RNA (lncRNA) and circular RNAs (circRNAs), which regulate other RNA
transcripts by competing for shared microRNAs (miRNAs)[33]. circRNA/lncRNA is endogenous non-
coding RNA with speci�city and high conservation in expressed sequence, speci�cally sponge microRNA
(miRNA). miRNA is an endogenous conservative non-coding small RNA, which mainly regulates gene
expression by binding to the mRNA 3' untranslated region (3' UTR). Therefore, miRNA is a bridge
connecting circRNA/lncRNA and mRNA and is involved in the regulation of cell biological processes.

In this study, by analyzing the high-throughput sequencing data of transcriptome RNA at different time
points after high-dose radiation treatment of thyroid cancer cells, a circRNA/lncRNA-miRNA-mRNA ternary
interaction network was constructed based on the ceRNA theory, and prognostic analysis was performed.
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The transcriptome RNA was divided into 6 clusters based on the trend characteristics of changes in
transcriptome RNA during the process of time. The potential ceRNA networks involved in regulating the
radiosensitivity of thyroid cancer were screened.

Further, carry out the protein-protein interaction (PPI) analysis of the mRNA in the network, and obtain the
hub genes involved in the PPI network. Finally, 6 genes (BNIP3L, TP53INP2, CHAF1A, KDM6B, NUP153,
DCBLD2) were associated with the survival of patients with thyroid cancer in Univariate Cox Regression
analysis (p 0.05). However, the Multivariate Cox Regression analysis indicates only age and the KDM6B
gene were correlated with the overall survival of thyroid patients. Although the other �ve genes did not
show any correlation with the patient’s survival analyzed by Multivariate Cox analysis, these genes may
still play an important biological role in the tumorigenesis and development of thyroid cancer, especially
in radiotherapy sensitivity. According to the current research, the biological functions of the six genes are
mainly related to mitophagy, autophagy, apoptosis, proliferation, DNA damage, and repair, etc., which are
closely related to the mechanism of radiotherapy sensitivity. To the best of our knowledge, studies on the
biological functions of ceRNAs associated with six genes in this study, especially radiotherapy sensitivity,
are limited.

Our research shows, that BNIP3L was decreased in early expression and increased in later expression
after being subjected to radiotherapy. In our analysis, Circ-0000643 potentially regulates the expression of
BNIP3L, but no functional studies of Circ-0000643 have been reported to date. The protein encoded by
BNIP3L belongs to the induced apoptosis subfamily within the BCL-2 protein family, interacts with viral
and cellular anti-apoptosis proteins, and positive regulation of apoptotic process [23]. In the human small
intestine, neuroendocrine tumor GOT1-bearing mice were treated with 177Lu-octreotate, and transcriptome
gene expression difference analysis (treated vs. control) was performed at the time point from 1d to 41d,
and found BNIP3L showed high expression at 41 days after treatment. The author believes that genes
that are elevated in the late stages are to inhibit endogenous apoptosis and assist tumor proliferation
[34]. TP53INP2 is an important gene involved in the regulation of autophagy. It can interact with
autophagy-membrane autophagy-related protein 8 (Atg8) family proteins (including LC3), which
promotes activates autophagy �ux [24]. Studies have also shown that TP53INP2 is also involved in
regulating tumor cell apoptosis [25]. In Cluster1, lncRNA NEAT1 acts as a ceRNA and potentially regulates
the expression of TP53INP2. It has been reported that NEAT1 expression is elevated in thyroid cancer,
inhibits apoptosis induced by 131I treatment, and promotes invasion and metastasis of thyroid cancer
cells [35, 36].

CHAF1A is the largest subunit of the chromatin assembly factor 1 complex, thought to mediate
chromatin assembly in DNA replication and DNA repair [26]. Silencing the expression of CHAF1A will
reduce the expression of cyclin D1 and cyclin-dependent kinase 2, resulting in lung cancer cell cycle arrest
and inhibition of proliferation [26, 27]. In another study, CHAF1A promotes proliferation and inhibits
apoptosis of ovarian epithelial cancer [37]. In our study, the biological function of OHRLOS, a ceRNA that
potentially regulates CHAF1A, is no related reports yet.
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A recent study has shown that after inhibiting NUP153 in the cell line of thyroid cancer, the expression of
mTOR/PI3K/AKT decreased, and cell proliferation was signi�cantly inhibited [29]. NUP153 is considered
a target for tumor therapy. In our study, after thyroid cancer cells were given high-dose radiotherapy, the
expression level of NUDT16 increased slightly after 2 hours, and then decreased rapidly. The mechanism
may be related to early DNA damage repair and cell proliferation inhibition[28]. Circ-0001461 as a
potential ceRNA for NUP153 in this study promotes proliferation, migration, and invasion in oral
squamous cell carcinoma via the miR-145/TLR4/NF-κB axis [38]. DCBLD2 increased in BCPAP cells after
radiation initially but started to decrease after 48 hours. DCBLD2 is shown to inhibit tumors, and it also
has an effect of oncogenes, depending on different cancer contexts [30]. The study showed that DCBLD2
in metastatic lung adenocarcinoma cancer cells is much higher than that of adjacent tissues, and
DCBLD2 can promote cell migration in vitro [39].

KDM6B shows the dual roles of the tumor suppressor gene and oncogene [31]. For example, in squamous
cell carcinoma, where the transcription factor CSL is overexpressed, inhibiting the expression of KDM6B,
then promotes proliferation of cells, tumorigenesis, and tumor-related in�ammation [40]. At the same
time, KDM6B is considered to be one of the cohorts of oxygen-sensitive genes, and it increased under low
oxygen concentration, which is correlated with good clinical prognosis in different types of cancer [31]. In
this study, the KDM6B gene showed a sustained high expression after high-dose radiotherapy. In our
analysis, KDM6B is the only gene associated with patient survival in the multivariate Cox regression
analysis. Circular RNA circ-0000714, a potential ceRNA regulating KDN6B expression in our data, was
reported to regulate the expression of RAB17, leading to chemoresistance in ovarian cancer[41].

4 Conclusion
The transcriptome gene expression pro�le showed a series of characteristic changes after high-dose
radiotherapy in thyroid cancer cells. We found that it is a complex regulatory network for these changing
genes. At last, six genes and the predicted ceRNA pathways mainly involve a series of survival and death
mechanisms, which are closely related to the mechanism of radiotherapy sensitivity. For the �rst time, we
have mapped the genetic changes in thyroid cancer cells after radiotherapy, providing clues for studies on
the sensitivity of thyroid cancer to radiotherapy. The results in our study are mainly based on the
bioinformatics database, therefore, the conclusions need to be veri�ed by further studies.
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Figures

Figure 1

Characteristics of time course changes of transcriptome genes in BCPAP cells after 6Gy radiotherapy.

a, the gene expression in Cluster 1 continued to decrease and began to increase at 48 hours; b, the gene
expression in Cluster 2 showed a continuous downward trend; c, the gene in Cluster 3 increased at �rst,
and then began to decrease at 2 hours; d, the expression of the Cluster 4 genes increased continuously
until 24-48h, then begins to decrease; e, the expression of the Cluster 5 continued to increase; f, the
expression of the Cluster 6 genes increased slowly until 24h, then begins to decrease.
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Figure 2

The ceRNA network of each cluster genes is constructed by using bioinformatics tools to predict the
potential binding miRNA.

a to f, ceRNA networks of clusters 1 to 6 were showed, respectively.

Figure 3

Using STRING and Cytoscape v3.7 to construct PPI networks for all genes in each cluster.

a, c, d and e show the PPI networks of cluster1, 3, 4, 6 genes, respectively. b shows the PPI network of
cluster 2 and 5 genes.

Figure 4

The correlation between hub genes and patient prognosis.

a, b, d and f, BNIP3L,TP53INP2, NUP153, KDM6B high expression group patients have poor survival
outcomes (p 0.05 ). c and e, the patients with high expression of CHAF1A and DCBLD2 have better
survival outcomes (p 0.05 ).
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Figure 5

Multivariate Cox regression analysis was used to study the relationship between survival-related hub
genes, clinicopathological features and patient survival. 
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