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Abstract
Background

The detection rate of thyroid cancer (TC) has been continuously improved due to the development of
detection technology. Compared with other cancers, the gene pro�le plays a more prominent role in the
diagnosis and treatment of TC.

Methods

Four datasets from Gene Expression Omnibus (GEO) was used to perform transcriptomic pro�le analysis.
The overlapping differentially expressed genes (DEGs) were analyzed by R package “limma” and
“RobustRankAggreg”. Then the hub genes, which had a higher degree, were identi�ed by the protein-
protein interaction (PPI) network. Gene expression analysis between the TC and normal data, the disease-
free survival (DFS) analysis of TC patients from Gene Expression Pro�ling Interactive Analysis (GEPIA)
database, function analysis, and immunohistochemistry (IHC) were performed to verify the importance of
the hub genes.

Results

A total of 80 DEGs (34 upregulated and 46 downregulated) were identi�ed. Then FN1, TIMP1, ITGA2, and
KIT were considered hub genes, which had a high degree of connectivity in the PPI network. GEPIA
identi�ed that FN1, TIMP1, and ITGA2 were upregulated, and KIT was downregulated. Upregulations of
FN1 expression (P=0.024) and ITGA2 expression (P=0.029) and downregulation of KIT expression
(P=0.012) increased risks of decreased DFS for patients. IHC showed that the expression of FN1, TIMP1,
and ITGA2 protein were upregulated, while the expression of KIT protein was downregulated in the TC
clinical specimens. Besides, �ve hub genes were enriched in the PI3K-Akt signaling pathway and ECM-
receptor interaction.

Conclusions

In summary, these hub genes were potential biomarkers of diagnosis and prognosis of TC.

Background
Thyroid cancer (TC) is the most common endocrine malignancy. In the past 40 years, the incidence of TC
has risen steadily in many countries around the world [1]. With the improvement of detection technology,
the incidence of recent TC in China in 2014 was 12.40/100,000, making it one of the fastest-growing
malignant tumors [2]. Although the incidence of TC is increasing year by year, the mortality rate of TC is
stable or decreased slightly [3] due to early diagnosis [4]. Ultrasonography is the main method for
stratifying the risk of early cancerous thyroid nodules. Patients with suspected TC could take a �ne-
needle aspiration biopsy (FNAB) or surgical resection, and followed by a pathological examination to
assess the nature of cancer [5]. However, in some cases, due to the overlapping of cytological features of
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malignant and benign thyroid nodules, approximately 15%-30% of biopsies are uncertain [6]. And the
uncertain diagnosis may bring Inappropriate treatment leading to poor quality of life, such as the surgical
removal of the thyroid will seriously affect the quality of life of patients. Ultrasound and FNAB can only
be diagnosed and cannot respond to the question of whether to perform surgery. Therefore,
supplementing and improving traditional diagnostic methods of TC patients is still an urgent problem to
be addressed.

Gene expression pro�ling is an important aspect of bioinformatics, which has broad application
prospects and powerful functions in oncology medicine. It has great clinical application potential in
molecular diagnosis, tumor molecular screening, new target discovery, tumor response prediction, patient
classi�cation, and prognosis prediction [7]. More and more genes and their encoded proteins are involved
in TC. Previous studies have shown that they have signi�cant effects on cell proliferation, differentiation,
apoptosis, and metastasis [8, 9]. However, the exact molecular mechanism of TC has not been
determined. Recently, various studies have identi�ed key genes related to TC through bioinformatics
analysis. Zhang et al. [10] identi�ed hundreds of DEGs in papillary thyroid cancer (PTC) based on the
GEO database, and six genes of which were key genes. Besides, based on two GEO microarray datasets,
228 commonly changed DEGs (141 upregulated and 87 downregulated) were identi�ed in anaplastic
thyroid carcinoma (ATC), and seven of these were selected as hub genes [11]. However, a comprehensive
transcriptomic pro�le analysis of TC has not yet been conducted.

In this study, through the analysis of existing genetic data, a transcriptomic pro�le of thyroid cancer was
constructed, and further analysis was performed, as well as exploring the potential biomarkers for
diagnosis and prognostic guidance.

Methods

Data collection
Data screening was completed by two researchers independently, and consistent comparison was
conducted after completion. We searched in Gene Expression Omnibus (GEO) database [12]
(http://www.ncbi.nlm.nih.gov/geo) for all published data related to gene expression in thyroid cancer until
August 1, 2020, by using the following keywords: (thyroid cancer OR cancerous goiter OR carcinoma of
thyroid OR thyroid carcinoma). Finally, a total of 4 thyroid cancer data sets from GEO database
(GSE29265, GSE33630, GSE60542, and GSE65144) were included in this study. Datasets inclusion
criteria: (1) they contained human TC samples and normal tissue samples. (2) their sample sizes at least
20. The information of four GEO datasets was shown in Table S1.

Integrated gene expression analysis
All data were processed using the R software (version 3.6.1). The limma package [13] was used for
identifying the DEGs between the TC samples and normal samples. The adjust P-value < 0.05 and the

http://www.ncbi.nlm.nih.gov/geo
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absolute fold change (FC) >= 1.5 were considered statistically signi�cant. The RobustRankAggreg
package[14], which is a method for robust rank aggregation, was used to integrate the different gene
results of four data sets. In total, 80 DEGs with a score of < 0.01 were selected.

Functional enrichment analysis
Gene Ontology (GO) can annotate genes, gene products and sequences with potential biological
phenomena in three aspects: biological process (BP), cellular component (CC), and molecular function
(MF) [15]; Kyoto Encyclopedia of Genes and Genomes (KEGG) is a comprehensive database for
understanding advanced functions and utilities of biological systems [16]. Metascape
(http://metascape.org/) is an online tool that provides biologists with annotations and analysis of gene
lists [17]. In this study, GO and KEGG analysis of the DEGs were performed by Metascape.

Hub genes selection and analyses
The online tool Search Tool for the Retrieval of Interacting Genes database (STRING) (https://string-
db.org/) [18] was used for analyzing the interactive relationships of the DEGs. The combined score of
≥0.4 was the cut-off value. Cytoscape software (version 3.6.0) was then used to make PPI networks [19].
And the hub genes were identi�ed, which degrees at least 4. Next, we took the clusterPro�ler [20] package
to get the enrichment analysis of these 5 genes.

Expression level analysis and survival analysis of hub genes
We demonstrated the expression of hub genes in TC tissues (512 samples) and normal ones (337
samples) on the website of Gene Expression Pro�ling Interactive Analysis (GEPIA) (http://gepia.cancer-
pku.cn/index.html) [21], which is a novel tool containing the Cancer Genome Atlas (TCGA) and the
Genotype-Tissue Expression (GTEx) data for gene expression analysis. Moreover, the disease-free
survival (DFS) information of these hub genes was also shown by the GEPIA.

Patients and ethical approval
From October 2018 to October 2019, a total of 5 thyroid cancer specimens and paired normal specimens
from the Shanghai Tong Ren Hospital were enrolled in the study. All diagnoses were based on
pathological and/or cytological evidence. Ethical approval was obtained from the Ethics Committee of
the Shanghai Tong Ren Hospital and informed consent was given by all patients before sample
collection.

Immunohistochemistry (IHC)

http://metascape.org/
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Five human thyroid normal and tumor tissues were �xed in 4% formaldehyde and embedded in para�n.
Para�n-embedded samples were cut into 6 μm thick sections, and then they were placed in xylene and
ethanol solution for depara�nating and rehydration in PBS. 3% hydrogen peroxide solution and 5%
donkey serum were used to block endogenous peroxidase activity and nonspeci�c sites after samples
were placed in the citric acid solution for antigen retrieval. Sections were stained with rabbit antibodies
against FIBRONECTIN (Abcam, ab268021, 1:600), TIMP1 (Abcam, ab109125, 1:500), ITGA2 (Abcam,
ab133557, 1:200), and KIT (Abcam, ab32363, 1:200) for incubating at 4℃ overnight, and then incubation
in the second antibody (Abcam, ab97051, 1:1000) was carried out at room temperature for 2h. Antigen-
antibody complexes were detected using ChemMateTM EnVisonTM/HRP complex (DAB) as a peroxidase
substrate (GK500705, Gene Tech). Results were visualized under an optical microscope (OLYMPUS IX73,
JAPAN). All pictures were taken under the same microscope camera (OLYMPUS DP80, JAPAN) with
uniform parameters (OLYMPUS cellSens Standard 1.18) after sections were mounted with xylene sealant.
Brown staining areas were selected with eyedropper tool after dropping colors represented by fewer than
10 pixels, and the mean option density were calculated in the manner of integrated option density (IOD) /
area using Image Pro Plus 6.0 software.

Results

Identi�cation of differentially expressed genes in TC and data
integration
There were 1956 DEGs in GSE29265, 3115 DEGs in GSE33630, 2110 DEGs in GSE60542, 5535 DEGs in
GSE65144. Among the DEGs, 907, 1608, 1148, and 2598 genes were upregulated while 1049, 1507, 962,
and 2937 genes were downregulated in GSE29265, GSE33630, GSE60542, and GSE65144, respectively
(Fig. 1A-D). After integrated analyses of the four GEO datasets, 80 genes (34 upregulated and 46
downregulated) were identi�ed as the DEGs, and the cluster heatmap of these DEGs is shown in Fig. 1E.

Signi�cant functions and pathway enrichment analysis
For 34 upregulated DEGs list and 46 downregulated DEGs list, a pathway and process enrichment
analysis were carried out respectively by Metascape (Fig. 2A-D). Terms with an adjusted P-value <0.05
were collected. Functional enrichment analyses demonstrated that upregulated DEGs were mainly related
to cell adhesion, extracellular matrix (ECM), and glucose metabolism. Downregulated DEGs were mainly
related to immune, and tyrosine degradation.

Hub genes identi�cation in the PPI network
We used the STRING database and Cytoscape to construct a PPI network to further analyze the
interaction between the DEGs (Fig. 3). There were 69 nodes and 31 edges in the network. As a result,
�bronectin 1 (FN1), the tissue inhibitor of metalloproteinase 1 (TIMP1), integrin alpha 2 (ITGA2), and
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receptor tyrosine kinase (KIT), which have a high degree of connectivity, were identi�ed as hub genes
(Table S2).

Enrichment analysis, expression level, and survival analysis of hub
genes
In the present study, we contrasted enrichment analysis of hub genes by the clusterPro�ler package, and
adjusted P-value <0.05 was a cut-off value. As a result, 4 hub genes were signi�cantly enriched in the
collagen binding, protease binding, and proteoglycan binding by GO analysis (Fig. 4A), while they were
signi�cantly enriched in the PI3K-Akt signaling pathway and ECM-receptor interaction by KEGG analysis
(Fig. 4B). Then, we used GEPIA to verify the expression level of hub genes between TC tissues and normal
ones, which contained expression data from TCGA and GETx. The result identi�ed that FN1, TIMP1, and
ITGA2 were upregulated in the TC tissues, while KIT was downregulated in the TC tissues (Fig. 5A-E).
Otherwise, we also tested 4 genes for DFS analyses in TC patients on the GEPIA. It showed that
upregulations of FN1 expression (P=0.024) and ITGA2 expression (P=0.029) and downregulation of KIT
expression (P=0.012) increased risks of decreased DFS for patients (Fig. 6A-E).

Immunohistochemistry (IHC)
To con�rm the reliability of the hub genes, the IHC was used to verify the protein expression levels of the
4 hub genes. Consistent with mRNA expression, the IHC results showed that FN1, TIMP1, and ITGA2
protein were upregulated while KIT protein was downregulated in the TC tissues (Fig. 7).

Discussion
In this study, we comprehensively analyzed four microarray datasets from GEO, which were all published
data related to gene expression in thyroid cancer and normal ones in GEO database until August 1, 2020.
A total of 80 DEGs (34 upregulated DEGs and 46 downregulated) were identi�ed between TC tissues and
normal ones. Functional enrichment analyses demonstrated that upregulated DEGs were mainly related
to cell adhesion, extracellular matrix (ECM), and glucose metabolism. Downregulated DEGs were mainly
related to immune, and tyrosine degradation. We �nally screened out FN1, TIMP1, ITGA2, and KIT were
hub genes from the PPI network, and they were signi�cantly enriched in the PI3K-Akt signaling pathway
and ECM-receptor interaction. Then, we identi�ed that FN1, TIMP1, and ITGA2 were upregulated in the TC
tissues, while KIT was downregulated in the TC tissues by GEPIA. Otherwise, the DFS analyses on the
GEPIA showed that upregulations of FN1 expression (P=0.024) and ITGA2 expression (P=0.029) and
downregulation of KIT expression (P=0.012) increased risks of decreased DFS for patients. Besides, it
was veri�ed in clinical samples that the protein expression levels of the 4 hub genes were consistent with
the mRNA expression pattern.
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Fibronectin 1 (FN1) participates in cell adhesion and migration processes and is expressed in multiple
cell types [22]. FN1 has also turned out to be associated with the ECM changes [23]. Numerous studies
demonstrated that it plays an important role in various cancers, such as oral squamous cell carcinoma
[24], nasopharyngeal carcinoma [25], ovarian cancer [26], renal cancer [27], and thyroid cancer [28-33]. In
the thyroid cancer, Sponziello M et al demonstrated that the overexpression of FN1 mediated thyroid
tumor cell migration and invasion by 86 patients [28]. Shaohua Zhan et al identi�ed FN1 as a novel
prognostic biomarker associated with sporadic medullary thyroid cancer pathophysiological changes
[29]. Furthermore, some studies found FN1 was highly expressed in TC from a series of data sets, but
they did not offer a survival analysis of FN1 [30-33]. In this study, we demonstrated FN1 could be
associated with TC occurrence and worse DFS, which may be through the PI3K-Akt signaling pathway
and ECM-receptor interaction pathway.

The tissue inhibitor of metalloproteinase 1 (TIMP1) has a role in matrix remodeling by inhibiting matrix
metalloproteinase (MMP). Moreover, some studies have shown TIMP1 is closely linked to cancers.
Nieuwesteeg MA et al [34] showed that overexpression of TIMP1 can decrease the invasiveness ability of
pancreatic cancer cells, and it plays the same role in human lung carcinoma cell lines [35]. However,
TIMP1 has also been recorded to serve as an oncogene in endometrial cancer [36], breast cancer [37], and
brain cancer [38]. The discrepancies may be explained by the complicated functions of TIMP1 in different
cancers. TIMP1 can not only suppress cancer by inhibiting the expression and activation of MMP, but
also promote cancer by angiogenesis, promoting cell growth and tumor in�ammation [39]. The present
study showed that TIMP1, which was identi�ed as a hub gene, was upregulated in the TC tissues.

Integrin alpha 2 (ITGA2) is an alpha subunit, which often combines with the beta subunit to form a
heterodimer α2β1, and then participates in the adhesion of platelets and other cells to the extracellular
matrix [40-42]. ITGA2 is highly expressed in many tumors, including pancreatic cancer, gastric cancer [43],
liver cancer [44], prostate cancer [45], and breast cancer [46]. More studies suggested that ITGA2 might be
closely related to tumor cell migration, invasion, and metastasis [47, 48]. In thyroid cancer, one study
identi�ed that ITGA2 expression was upregulated in PTC tissues but not in BRAF-positive samples [49],
and another study showed that PTC patients with high ITGA2 expression had poorer relapse-free survival
than PTC patients with low ITGA2 expression [50]. In our study, we also identi�ed ITGA2 was a hub gene,
and the higher expression of this gene increased risks of decreased DFS for TC patients by the PI3K-Akt
signaling pathway and ECM-receptor interaction pathway.

Receptor tyrosine kinase (KIT), a form of myeloid receptor that binds the stem cell factor, plays a major
role in cancer occurrence [51]. Papers are showing that KIT is highly expressed in small cell lung cancer
[52], leukemia cells [53], colon cancer [54], and neuroblastoma [55]. But KIT expression is lower in breast
cancer [56] and melanoma [57]. Numerous studies have investigated the expression of KIT in TC [58-60],
suggesting its role in thyroid epithelial cell differentiation and growth control. Therefore, these
inconsistent results in turn indicate that KIT may be crucial in TC and validate our results.
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The phosphoinositide 3-kinase–protein kinase B/AKT (PI3KPKB/AKT) pathway is one of the most
prominent molecular signaling pathways implicated in the cellular growth, proliferation, apoptosis, and
metabolism [61]. Activation of the PI3K-AKT signaling pathway is critical to the occurrence and
development of thyroid cancer [62-64]. In this study, we found FN1, ITGA2, and KIT were enriched in the
PI3K-Akt signaling pathway. The extracellular matrix–receptor (ECM-receptor) interaction pathway plays
an important role in the process of tumor shedding, adhesion, movement, degradation, and hyperplasias,
such as prostate cancer [65], gastric cancer [66], breast cancer [67], and anaplastic thyroid cancer [68].
Our study showed that FN1 and ITGA2 could in�uence the occurrence and development of thyroid cancer
by participating in the ECM-receptor interaction pathway.

In this study, we found 4 hub genes, which were potential biomarkers of diagnosis and prognosis of TC,
but our observations still have some limitations. As the cumulation of TC samples, subtype analysis was
required to perform and experiments based on our wide transcriptomic analysis can be designed and
conducted.

Conclusions
In conclusion, this study used existing data to construct a more comprehensive transcriptomic pro�le of
TC and found potential biomarkers for TC diagnosis and prognosis. However, it is necessary to further
study the speci�c role of these genes in TC.
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Figure 1

Identi�cation of the DEGs in TC and data integration. (A) Volcano plot of GSE29265, (B) volcano plot of
GSE33630, (C) volcano plot of GSE60542, (D) volcano plot of GSE65144, and (E) the cluster heatmap of
the DEGs. Red, white, and blue represent higher expression levels, no expression differences, and lower
expression levels, respectively. The rows and columns of the heatmap represent genes and datasets,
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respectively, and the numbers in it represent the logFC between TC tissue and normal ones from each
GEO dataset.

Figure 2

GO and KEGG pathway enrichment analysis. (A) Bar plot for top 20 GO terms of upregulated DEGs, (B)
bar plot for top 20 GO terms of downregulated DEGs, (C) bar plot for KEGG terms of upregulated DEGs,
and (D) bar plot for KEGG terms of downregulated DEGs.
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Figure 3

The PPI network of the DEGs. Red nodes and yellow nodes represent upregulated genes and
downregulated genes, respectively. The magnitude of the degree is positively correlated with the
magnitude of a node, and the size of the interaction score between genes was positively correlated with
the depth of edge color.
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Figure 4

Enrichment analysis of 5 hub genes. (A) Dot plot for top 10 GO terms of hub genes, (B) dot plot for KEGG
terms of hub genes.
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Figure 5

Expression level analysis of 4 hub genes. Red represents cancer and gray represents normal. (A) FN1,
(B)TIMP1, (C)ITGA2, and (D) KIT. *P<0.01.
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Figure 6

Survival analysis of 4 hub genes. TC patients were subdivided into high/low gene expression groups
based on the median expression level of each gene in TC tissues. (A) DFS analysis of FN1, (B) DFS
analysis of TIMP1, (C) DFS analysis of ITGA2, and (D) DFS analysis of KIT.
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Figure 7

Immunohistochemical staining results of the protein expressions of hub genes from the clinical
specimens. Brown staining represents expression of 4 protein and blue staining represents nucleus. Bar:
50um. (A) IHC of FN1, (B) IHC of TIMP1, (C) IHC of ITGA2, and (D) IHC of KIT.
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