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Single-Cell RNA Sequencing
Revealed a 3-Gene Panel Predicted
the Diagnosis and Prognosis of
Thyroid Papillary Carcinoma and
Associated With Tumor Immune
Microenvironment

Zuoyu Chen'?, Yizeng Wang?, Dongyang Li'?, Yuting Le, Yue Han’, Lanning Jia’,
Caigu Yan?, Zhigang Tian, Wenbin Song’, Fuxin Li’, Ke Zhao* and Xianghui He "*

7 Department of General Surgery, Tianjin Medical University General Hospital, Tianjin, China, 2 Department of General
Surgery, The People’s Hospital of Liuyang, Changsha, China

Objective: The objective of this research was to screen prognostic related genes of
thyroid papillary carcinoma (PTC) by single-cell RNA sequencing (scRNA-seq), to
construct the diagnostic and prognostic models based on The Cancer Genome Atlas
Thyroid Cancer (TCGA-THCA) data, and to evaluate the association between tumor
immune microenvironment and the prognostic model.

Method: The differentially expressed genes (DEGs) and tumor evolution were analyzed by
scRNA-seq based on public databases. The potential regulatory networks of DEGs
related to prognosis were analyzed by multi-omics data in the THCA. Logistic regression
and Cox proportional hazards regression were utilized to construct the diagnosis and
prognostic model of PTC. The performance of the diagnostic model was verified by bulk
RNA sequencing (RNA-seq) of our cohort. The tumor immune microenvironment
associated with the prognostic model was evaluated using multi-omics data. In
addition, gRT-PCR was performed on tumor tissues and adjacent normal tissues of 20
patients to verify the expression levels of DEGs.

Results: The DEGs screened by scRNA-seq can distinguish between tumor and healthy
samples. DEGs play different roles in the evolution from normal epithelial cells to malignant
cells. Three DEGs ((FN7, CLU, and ANXAT)) related to prognosis were filtered, which may
be regulated by DNA methylation, RNA methylation (m6A) and upstream transcription
factors. The area under curve (AUC) of the diagnostic model based on 3-gene in the
validation of our RNA-seq was 1. In the prognostic model based on 3-gene, the overall
survival (OS) of high-risk patients was shorter. Combined with the clinical information of
patients, a nomogram was constructed by using tumor size (pT) and risk score to quantify
the prognostic risk. The age and tumor size of high-risk patients in the prognostic model
were greater. In addition, the increase of tumor mutation burden (TMB) and diversity of
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Tcell receptor (TCR), and the decrease of CD8"* T cells in high-risk group suggest the
existence of immunosuppressive microenvironment.

Conclusion: We applied the scRNA-seq pipeline to focus on epithelial cells in PTC,
simulated the process of tumor evolution, and revealed a prognostic prediction model
based on 3 genes, which is related to tumor immune microenvironment.

Keywords: papillary thyroid carcinoma, single-cell RNA sequencing, differential expression analysis, multi-omics,
tumor immune microenvironment, diagnosis, prognosis

INTRODUCTION

Thyroid papillary carcinoma (PTC) is the most increased
endocrine malignant tumor in recent years (1). The incidence of
PTC accounts for 90% of all thyroid cancers, of which 60% are less
than 2 cm, however, the mortality has not increased significantly
(2). This is also one of the bases of active surveillance (AS) (3). In
addition, the possibility of a real increase in the disease still exists, as
well as poor survival in the advanced tumor stage, even with
appropriate treatment (4). Therefore, accurate prediction of
individual prognostic risk is of great significance for patient
management. The American Joint Committee on Cancer
(AJCC), the American Thyroid Association (ATA), and the
European Thyroid Association (ETA) are now the most widely
utilized risk classification systems (5-7). These traditional risk
stratification systems are widely applied to predict the overall
prognosis of patients. However, molecular genetics are not
incorporated into these systems, on which precision evaluation
and target therapy are dependent.

Over the past decade, RNA sequencing (RNA-seq) has
become an indispensable tool for transcriptome-wide analysis
of differential gene expression (8). At present, significant
progress has been made in the analysis of prognostic related
genes, and it is possible to predict the prognosis more accurately
at the molecular level (9). Molecular alterations revealed by gene
microarray and bulk RNA sequencing (RNA-seq) have been
widely used for tumor diagnosis and prognosis prediction.
However, to obtain raw and authentic tumor cell genetic
information, an analysis of the transcriptome performed at the
single-cell level is more valuable. Single-cell RNA sequencing
(scRNA-seq) overcomes the limitations of RNA-seq—for
example, using RNA-seq, only the average expression of genes
is obtained, and it is difficult to study heterogeneous systems—
making it possible to conduct more detailed profiling of tumor
cells and their molecular changes (10). Single-cell RNA
sequencing enables us to penetrate the tumor microenvironment
based on cell-specific changes in the transcriptome, and further
develop diagnostic and prognostic markers to aid in the precise
diagnosis and treatment of patients.

In this study, we extracted scRNA-seq data from the Gene
Expression Omnibus (GEO) database to analyze DEGs between
tumor cells and normal epithelial cells, the trajectory and
enriched signaling pathways of these genes in tumor
progression were analyzed. Transcriptome data from THCA
were combined to obtain 3 DEGs associated with prognostic
and validated in our cohort. The potential regulatory networks of

3DEGs were analyzed in multiple dimensions. The 3 DEGs based
diagnostic model of PTC was constructed by logistic regression
and validated by our cohort. Meanwhile, a prognostic risk
prediction model was also built using this 3-gene panel. To
simplify the evaluation steps, we performed nomograms to
quantify prognostic-related indicators and predict 1-, 5-, and
10-year overall survival of patients. Tumor mutational burden
(TMB) and TCR diversity were also investigated to explore the
underlining mechanism of risk stratification.

MATERIALS AND METHODS

Data Collection, Processing and
Downstream Analysis

Single cell RNA sequencing data are extracted from the Gene
Expression Omnibus (GEO) database (GSE184362) (11). The
downstream analysis of scRNA-seq (namely, quality control,
dimensionality reduction, clustering, differential expression
analysis, etc.) is carried out according to the standard process
of Seurat (12). We applied the Wilcoxon rank sum test to
determine the DEGs between the two groups of cells.
Monocle2 package was used for pseudotime analysis and
visualization (13). The mRNA expression data of the TCGA-
THCA and GETx was downloaded from the UCSC XENA,
which is converted to TPM format and standardized with log2
(14). The mutation information of the TCGA-THCA was
obtained from the Genomic Data Commons (GDC). TMB was
analyzed by “maftools” package (15). The list of DEGs and its
prognostic information from bulk RNA-seq were queried from
the GEPIA2 database (16). The principal component analysis
(PCA) in the GEPIA2 was applied to reduce the dimension of the
samples from the THCA and GETx.

Protein-Protein Interaction (PPI) and GSEA
Enrichment Analysis

We employed two common protein interaction databases (17, 18),
the STRING and the GENEMANIA, to analyze the protein
interaction and related functions of DEGs. All DEGs were sorted
according to averagelog2FC, and then GSEA enrichment analysis
was carried out by using ‘clusterprofiler’ with MSigDB as reference
(19, 20). The results were screened according to P. adjust <0.05.

Clinical Samples and Ethical Statements
Bulk RNA-seq was performed on 10 paired PTC tumor tissues
corresponding to adjacent non-tumor tissues from the General
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Hospital of Tianjin Medical University. RT-PCR was performed
on tumor and adjacent normal samples from another 20 paired
patients. The study protocol was approved by the ethics
committee of the General Hospital of Tianjin Medical
University (IRB2021-KY-022). All experiments were conducted
in accordance with relevant regulations, and all patients provided
written informed consent.

Quantitative Real-Time Polymerase

Chain Reaction (QRT-PCR)

and Immunohistochemistry

TRIzol lysate isolated total mRNA from tissues. Total RNA was
obtained using the RNeasy Mini kit (Vazyme, China), and 1 pug
of RNA was reverse transcribed using the PrimeScript RT
reagent Kit with gDNA Eraser (Vazyme, China). Power SYBR
green PCR master mix was for qRT-PCR. The —2AACt method
was applied to determine relative quantification. The amount of
GAPDH mRNA was chosen to standardize the relative
expression of messenger RNA (mRNA) for each gene. The
primer pairs were:

FNI forward primer, 5-CGGTGGCTGTCAGTCAAAG-3’ and
reverse primer, 5-AAACCTCGGCTTCCTCCATAA-3’.
CLU forward primer, 5-CTACTTCTGGATGAATGGTGACC-3’
and reverse primer, 5-CGGGTGAAGAACCTGTCCT-3.
ANXAI forward primer, 5-CTAAGCGAAACAATGCACAGC-3’
and reverse primer, 5-CCTCCTCAAGGTGACCTGTAA-3’
GAPDH forward primer, 5-AGGGCTGCTTTTAACTCTGGT-3’
and reverse primer, 5-CCCCACTTGATTTTGGAGGGA-3’.

The Human Protein Atlas (THPA, version 21) is a database of
immunohistochemistry (IHC) data which can investigate protein
expression in human tissues and cells (21).

Evaluation of Gene Regulatory Networks
Using Multi-Omics Databases

The regulatory network of three prognostic related DEGs were
analyzed by multi-omics data. CBioportal can quickly obtain the
correlation between molecular spectrum and clinical prognostic
of large-scale cancer genomics projects (22). The DNMIVD
database can simultaneously provide CpG based diagnostic and
prognostic models (23). The database comprehensively provides
14 TCGA and 23 TCGA cancer diagnosis and prognostic models
based on DNA methylation. The relationship between DNA
methylation sites and gene expression levels was evaluated by
MEXPRESS (24). ChEA3 is a transcription factor (TF)
enrichment analysis tool (25). The background database
contains a gene library generated from multiple sources,
namely, TF gene co-expression from RNA-seq study, TF target
association from Chip-seq experiment, and TF gene co-
expression calculation from the gene list submitted by the
population. RMVar contains 9 RNA modifications, namely,
m6A, m6Am, mlA, pseudouridine, m5C, m5U, 2’-O-Me, A-
to-I, and m7G (26). We calculated the correlation between DEGs
and m6A related genes (27, 28).

Construction of Diagnostic Model and
Prognostic Model

Both Kaplan-Meier (KM) analyses and log-rank tests were
employed to assess overall survival (OS) and progression-free
survival (PFS) of 16 hub DEGs. The diagnostic model of THCA
was built by logistic regression (‘glm” function in R), score = —
2.760 + (0.713 % CLU) + (0.018 % ANXAI) + (-0.987 = FNI),
cut-off was -2.628. The Hosmer-Lemeshow test was applied to
measure the fitting quality of diagnostic model in THCA data
and our cohort. The prognostic model of THCA was built by Cox
proportional hazards regression (‘survival’ R package), score =
3.705 + (<0.089 % CLU) + (~0.448 * ANXA1) + (0.151 * FN1).
The integrated nomogram incorporated tumor size and risk
score. To examine various survival determinants, we created
time-dependent receiver operating characteristic (ROC) curves.
The “pROC” R package calculated the area under the curve
(AUC). R package ‘rms’ constructed the nomogram. The
performance of the nomograms was evaluated by calibration.

Evaluation of Immune Infiltration and
Immune Score

We acquire more confidence in the findings seen by multiple
approaches since TIMER2.0 (29) employs six alternative
calculation methods to evaluate immune cell infiltration in
THCA tumors or transcriptome data given by users (30). The
Pan-Cancer Atlas initiative compares the 33 tumor types
described by the TCGA. We obtained the relevant immune
score and immune repertoire information in the TCGA-THCA
(31). The ‘ESTIMATE’ algorithm calculates the immune-stromal
component ratio in tumor microenvironments (32).

Statistical Analysis

For comparisons between the two groups, Student’s t-tests were
facilitated to ascertain statistical significance for normally
distributed variables, while Mann-Whitney U tests were used
for nonnormally distributed data. Statistical significance was
described as follows: ns, not significant; *, p <0.05; **, p <0.01;
©% b <0.001.

RESULTS

Single-Cell RNA Sequencing Reveals

Cell Distribution and DEGs in

Tumor Cells and Normal Cells

We obtained scRNA-seq expression matrices of 126,646 cells from
tumor tissues and adjacent normal tissues of 4 paired PTC patients
from the GEO database. After quality control, 11,390 tumor cells
(TG, EPCAM, KRT18, and KRT19) and 6,808 normal cells (TG,
TPO) were obtained for subsequent analysis (Supplementary
Figures 1A-D). Then we performed the nonlinear dimensionality
reduction method uniform manifold approximation and projection
(UMAP) to reduce the dimension of cells (Figure 1A). Taking |
averageLog2FC| >1 and adj. P < 0.05 as the threshold, a total of 130
DEGs (86 upregulated and 44 downregulated) between tumor cells
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and normal cells were obtained and displayed in a volcano plot
(Figure 1B). After uploading the DEGs to the GEPIA2 (16), these
genes can distinguish tumor tissue from normal tissue (Figure 1C).
We applied monocle2 to perform pseudotime analysis (13) and
found that they have potential transformation trajectories from
normal cells to malignant cells (Figures 1D, F). In addition, we also
demonstrated the 10 most significantly upregulated and
downregulated genes among the DEGs (Figure 1E). It is
suggested that DEGs may have different expression patterns
during the transformation of normal cells to malignant cells.

Protein Interaction Network and GSEA
Enrichment Analysis of DEGs

We predicted the protein—protein interaction (PPI) of the DEGs in
the STRING database (Figure 2A). The node color was assigned

according to the fold change, and the transparency of the line
represented the strength of the interaction between the two proteins.
Then, for upregulated and downregulated DEGs, we utilize the
GENEMANIA database to determine protein—protein interactions
and a few functional enrichment analyses (Figures 2B, C). We
found that upregulated genes were enriched for enzyme inhibitory
activity, secretory granules, and cell migration; downregulated genes
were enriched for detoxification and thyroid hormone synthesis. We
applied a GSEA analysis to assess the distribution trends of genes in a
predefined gene set in a gene table ranked by their relevance to
phenotype, to determine their relationship to HALLMARK-related
pathways (Figures 2D-F). Pathways significantly enriched in tumor
cells were: coagulation, complement, apoptosis, p53 pathway, allograft
rejection, and epithelial-mesenchymal transition (EMT). A pathway
significantly enriched in normal cells was oxidative phosphorylation.

Frontiers in Oncology | www.frontiersin.org

March 2022 | Volume 12 | Article 862313


https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Chen et al.

3-Gene Panel for PTC Prognosis

A LveE
PROS1 LONRF2 MTiE
E
TMSBAX - 4
PDESA CFl LRRK2 siooar ZFP3eLY
FcosP cw Y
ENPP1 APLP2 . CDS5 apogy  S100A4 -
cste @, oSN TNFRSF118 DSP L
EPS8 ANXA1 TNFRsF12a 1D3
ENTPD1
KKt
crse
POLIMS o oy SERPINAT

C2040  $100A10 S100A13

SELENBP1  srrpp
PROX1

4|— HALLMARK_P53 PATHW/
— HALLMARK™ALLOGRAFT_RI
~ HALLMARKZEPITHELIAL "MESEI

TRANSITION

~:MHIII

500

CTIe
Y|

Enrichment Score

[T

[TTTIT
Jl ]

N

| ||||

Ranked list metric
)

1000 1500 2000 2500

Rank in Ordered Dataset

(F) GSEA analysis HALLMARK pathway (upregulated in normal cells).

cTsH
Gesn  TAGSTDZ Grgps
CLDN18 IGFBPS  MET ALDH1A1
50
FHLI S§
e02¢ ceNpt " ucaio
citenz ARHGAP3S
04
CED! v DHRs3 CRABPI
& Q ° detoxifcation
 thyroid hormone metabollc process
° Q o 9 response o toxic substance
hormone metabolic process
Q o ‘ 8 transiion metal lon homeostass

e © o
©.9%.° ©
0900@0

8 enzyme inhibitor activity
8 secretory granule lumen

positive regulation of cell migration
8 positive reguiation of cell adhesion
W epithelium migration

— HALLMARK_COAGULATION
— HALLMARK_COMPLEMENT
o= HALLMARK_APOPTOSIS

| Wlf:qll I MIRLAI

0.2

Enrichment Score

i

|lI lIII I Il |

2
£ 21
Z o
3
5
4 T T T T T
500 1000 1500 2000 2500
Rank in Ordered Dataset
0.0
HALLMARK_OXIDATIVE_PHOSPHORYLATION
© -0.1-
s
‘§ -02
€
3
-0.34
5
£
5 -044NES=-1761
p.adj = 0.038
-0.54 FDR=0.027
o 4 —t
E 2
Z o
B
£ 24
€
S
4

T T T T
1000 1500 2000 2500

Rank in Ordered Dataset

T
500

FIGURE 2 | Protein interaction network and GSEA enrichment analysis of DEGs. (A) PPI of the DEGs in STRING database. (B, C) PPl and functional enrichment
analysis for upregulated and downregulated DEGs in GENEMANIA database, respectively. (D, E) GSEA analysis HALLMARK pathway (upregulated in tumor cells).

Screen Hub DEGs and Explore the
Expression of 3 Prognosis-Related Genes
We obtained 16 hub DEGs (Figure 3A) using 4 algorithms (33) in
CytoHubba and displayed in the PPI network (Figure 3B), of
which 14 were upregulated and 2 were downregulated. Three of
these genes (EN1, CLU, and ANXAI) were found to be associated
with prognosis in the GEPIA2 database (Figures 3C-E), with
Logrank P-value 0.024, 0.013, and 0.004, respectively. The
expression of 3 prognostic related genes was validated by bulk
RNA-seq from our cohort (Figure 3F). Using bulk RNA-seq results
from 850 samples from the THCA and GETX, 58 paired samples, 10
paired samples from our cohort and paired qPCR results of 20
patients, we verified that 3 DEGs were all overexpressed in tumor
tissues (Figures 4A-D). Then, the protein expression levels of the 3
hub genes were verified in the THPA (Figures 4E-G). In the cell

subsets of tumor samples (Supplementary Figure 1A), FN1, CLU,
and ANXA1 were high expressed in tumor cells and low expressed
in myeloid cell and fibroblast. In the cell subsets of normal samples
(Supplementary Figure 1C), FN1 and ANXA1 were high
expressed in tumor cells and low expressed in myeloid cell and
fibroblast; CLU was low expressed in tumor cells and high
expressed in myeloid cell and fibroblast. In paired samples
(Figure 4B), there is disturbance in the expression of 3
prognostic related genes, suggesting that individual gene may not
be able to fully predict the prognosis of tumor patients.

Potential Regulatory Networks of Three
Core Genes

We explored the potential regulatory networks of 3 prognostic
related DEGs in tumor samples using a multi-omics platform. We
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analyzed genome-level changes in the CBioportal database. In 3
datasets, the overall genomic variation for these genes was less than
0.8% (Figure 5A) and the genome-level variation for each gene was
less than 0.4% (Figure 5B). It is suggested that these gene-level
changes are less affected by mutations. And these genomic-level
alterations were not associated with overall patient survival
(Supplementary Figure 2A). We further analyzed the DNA
methylation levels of these genes. The methylation levels of genes
in tumor tissues were significantly lower than those in normal
tissues (Figures 5C-E), suggesting that genomic methylation is a
potential regulator of the high expression of 3 genes
(Supplementary Figures 2B-D). Determining gene expression
changes regulated by transcription factors (TFs) is an important
step in understanding gene regulatory networks. Using ChEA3, we

were able to predict a regulatory network, namely, 12 transcription
factors that regulate 3 prognostic related genes (Figure 5F). The
regulation of gene expression is multi-dimensional, and we found
potential transcriptome epigenetic regulation sites (m6A
regulatory sites) of these genes in the RMVar database.
Therefore, the tumor tissues were divided into two groups by
gene expression level from the THCA, and the changes of m6A-
related genes were compared (Figures 5G-I). The expression of 3
DEGs was significantly negatively correlated with 2 scavenging
genes (FTO, ALKBHS5), positively correlated with 2 reading genes
(HNRNPC, IGF2BP2), and positively correlated with 2 writing
genes (WTAP, RBMI15B). These results suggest that the high
expression of 3 genes in tumors may be regulated by DNA
methylation and mRNA methylation modification.
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The Diagnosis and Prognostic

Model of PTC Was Constructed

and Featured in Nomogram

Due to the disturbance in the expression of the 3 prognostic
related DEGs in the paired samples, we speculate that a
comprehensive scoring model based on these genes may be
beneficial for the diagnosis and prognosis of PTC. We
constructed a diagnostic model ROC curve based on mRNA
expression levels, with a cutoff value of —2.628 for the score and
an area under the curve (AUC) of 0.921 (Figure 6A). This was
subsequently validated using our own cohort with AUC: 1
(Figure 6B). It is suggested that the diagnostic effect of this
model is stable. We utilized the DNMIVD database to construct
a diagnostic model based on DNA methylation levels, and the

AUC was 0.797 (Figure 6C), suggesting that its diagnostic
efficacy was moderate. We did not validate because the
validation set is missing. We further constructed a prognostic
prediction model by mRNA expression (Figure 6D) and divided
patients into high and low risk groups. KM survival analysis
found that patients in the high-risk group had worse prognosis
(Figure 6E), and the model predicted 83, 76.8, and 63.3% of
overall survival for patients at 1, 5, and 10 years, respectively
(Figure 6F). It is suggested that the model prediction effect is
moderate. Due to the lack of survival data on the external dataset,
we failed to validate it. We also constructed a prognostic model
based on DNA methylation levels using the DNMIVD database,
suggesting that patients in the high-risk group had a worse
prognosis (Figures 6G, H).
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To further quantify the prognostic risk score at the
transcriptome level and the impact of clinical factors on the
overall survival of patients, we constructed nomograms using
Cox regression analysis (Table 1). In multivariate Cox regression
analysis, pT4 and high-risk group were found to be independent
risk factors related to prognosis, and a nomogram simplified
evaluation system was constructed (Figure 7A). In the
calibration plot, we found that the model can fit well with the
diagonal (Figure 7B), suggesting the reliability of the model.

Integrative Analysis of Prognostic Model

We further evaluated the clinical information, TMB, immune
infiltration and immune score of patients with different
prognostic risk score. We found that the high-risk group was
associated with higher patient age and invasive subtypes
(Figure 7C). We discovered a substantial drop in CD8" T cells
and macrophages in the high-risk group using the TIMER
deconvolution model and the suggested EPIC algorithm in
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TIMER2.0 (Figure 7D). The ImmuneScore (IS), StromalScore
(SS), and EstimateScore (ES) make up the ESTIMATE
evaluation. In the high-risk group, IS, SS, and ES were
significantly increased, suggesting increased infiltration of
immune cells and stromal cells (Figure 7E). TCR diversity was
significantly increased in the high-risk group (Figure 7F). TMB
was significantly increased in the high-risk group (Figure 7G).
The method of gene set score further evaluated the tumor
immune microenvironment in different risk groups (Table 2)
(31). The tumor proliferation was significantly enhanced in the
high-risk group. The mutation rate was significantly increased in
both silent mutation rate and nonsilent mutation rate. These
changes may be one of the reasons for the significant increase of
SNV neoagents in the high risk group. Persistent antigen
stimulation may also lead to T cell anergy or reduction. The
sum of amplified or deleted (collectively “altered”) arms was used
to determine aneuploidy scores. Aneuploidy score was also
significantly higher in the high-risk group. The fraction altered
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TABLE 1 | Univariate and multivariate Cox regression analysis of clinical information and risk score.

Univariate analysis

Characteristics Total (N)

Hazard ratio (95% CI)
age 510
<45 231 Reference
>45 279 722839341.155 (0.000-Inf)
gender 510
FEMALE 371 Reference
MALE 139 1.963 (0.710-5.428)
pM 295
MO 286 Reference
M1 9 4.258 (0.909-19.952)
pN 460
NO 229 Reference
Nt1a 90 0.888 (0.171-4.602)
N1 59 1.358 (0.321-5.748)
N1b 82 2.538 (0.601-10.714)
pT 508
T 485 Reference
T4 23 9.248 (3.339-25.611)
Risk score 510
Low 255 Reference
High 255 4.744 (1.351-16.655)

Multivariate analysis

P-value Hazard ratio (95% CI) P-value

0.997

0.193

0.066 1.967 (0.380-10.172) 0.420

0.888
0.677
0.205

<0.001 5.034 (1.322-19.166) 0.018

0.015 10.422 (1.330-81.670) 0.026

score change in copy number burden also increased significantly
in high risk group. Homologous recombination defects (HRD)
score combines three measures of genomic scarring: large (>15
Mb) non-arm-level areas with LOH, large-scale state transitions
(breaks between contiguous segments of >10 Mb), and
subtelomeric regions with allelic imbalance to evaluate
abnormalities in homologous recombination. HRD increased
significantly in the high-risk group. Leukocyte fraction infers
from the DNA methylation probes that the proportion of
leukocytes increased significantly in the high-risk group. These
results suggest that the tumor cells in the high-risk group grow
rapidly, and the increase of chromosome abnormal amplification
and TMB may lead to the increase of tumor heterogeneity. It is
indirectly proved that these patients have poor prognosis. In
addition, tumor infiltrating immune cells increased; however, the
decrease of CD8 " T cells and the increase of TCR diversity imply
that there is an immune escape phenotype in high risk patients.
There was no significant difference in the scores of IFN gamma
response and TGF beta response between the two groups.

DISCUSSION

Tumor microenvironment is a complex ecosystem of malignant
cells, immune cells, and stromal cells. PTC grows slowly and
cervical lymph node metastasis is common, but tumor metastasis
is rare (2). Some untreated tumors can dormancy or even shrink
spontaneously (34), lymph node metastasis disappears
spontaneously (35), but immune surveillance can fade in certain
conditions (36). Tumor in advanced stage usually showed
immunophenotype dominated by immune escape (4). Single cell
RNA-seq offers a unique perspective on the mechanism of tumor
internal and external driving responses, allowing us to focus on
tumor cell alterations. As a result, the molecular prognostic

prediction model developed on the basis of scRNA-seq, may
effectively identify patients with high prognostic risk,
complement the traditional staging prediction system, and assist
individualized treatment to achieve better therapeutic effect.

We identified 130 DEGs between tumor cells and normal
epithelial cells by scRNA-seq. They completely distinguish
between tumor tissue and adjacent normal tissue. Pseudotime
analysis showed that the expression degree of these genes was not
polarized, but had the characteristics of continuous change. This
reflects the heterogeneity of gene expression in tumors. We
analyzed the protein-protein interaction of DEGs and
conducted a GSEA enrichment analysis, suggesting that the
highly expressed genes in tumor cells are related to tumor
formation and progression. The highly expressed genes in
normal cells are related to thyroid hormone synthesis and
enriched in oxidative phosphorylation signal pathway. Because
gene transcription is impulsive and there is batch effect in the
experimental process (10), the DEGs we obtained are limited. In
the future, to obtain more high-quality information, we need to
further eliminate the batch effect and optimize the algorithm.

Combined with the THCA data, 3 high expressed DEGs (FN1I,
CLU, and ANXAI) related to the prognosis of PTC. This is
consistent with our bulk RNA-seq results and staining degree of
immunohistochemistry. FNI overexpression is an important
feature of EMT and is also considered as a molecular marker
to distinguish malignant lesions (37). Immunohistochemical
evidence showed that the increased expression of FNI was
mainly limited to the invasive front of thyroid cancer (38).CLU
is a glycoprotein, which is involved in many physiological and
pathological processes essential to carcinogenesis and tumor
growth (39). CLU is an effective biomarker for more accurate
evaluation of thyroid nodules (40). A previous study has
preliminarily studied the role of ANXAI in PTC, and its high
expression may be related to tumorigenesis and development in
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FIGURE 7 | Integrative analysis of prognostic model. (A) Nomogram quantifies clinical information and risk score. (B) Calibration curve to evaluate nomogram
model. (C) Heatmap of the relationship between prognostic risk score and clinical information. (D) Relationship between prognostic risk score and immune cell
infiltration (by TIMER and EPIC). (E) Relationship between prognostic risk score and immune score (by ESTIMATE). (F) Relationship between prognostic risk score
and TMB. (G) Relationship between prognostic risk score and diversity of immune repertoire. ns, not significant; *p<0.05; **p<0.01; **p<0.001.

PTC (41). Based on proteomics, ANXAI was found to be an
effective marker for the diagnosis of PTC (42).

Based on the study of these 3 DEGs in PTC, we further
explored the potential networks regulating their expression. At
the genomic level, we analyzed the changes at the genomic level
by CBioportal and found that the overall genomic changes of the
3 genes were less than 0.8%. Compared with normal thyroid
samples, targeted DNA methylation studies showed that
hypomethylation rather than hypermethylation was more likely
to occur in PTC tumor samples (43). We found that the DNA
methylation level of these 3 DEGs decreased significantly in
tumor tissues of patients, which may be a potential reason for the
high expression of genes in tumor tissues. In terms of upstream

regulation, we further explored the potential regulation of these
three genes by 12 interacting transcription factors, but failed to
explore further. Gene expression regulation is multidimensional.
We found m6A potential regulatory sites in these three genes in
the RNA epigenetic database (26). In 450 patients with PTC,
most of the m6A RNA modification regulators were found to be
downregulated, and a risk model was constructed based on 3
m6A RNA modification regulator genes (FTO, RBM15, and
KIAA1429) that may be used as an independent predictive
biomarker in PTC (44). These results suggest that the high
expression of these 3 DEGs in tumor may be related to DNA
methylation, mRNA methylation modification and potential
transcription factor regulation. These studies are only preliminary
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TABLE 2 | Gene set score characteristics of different prognostic risk groups.

Character High risk Low risk T P-value
(mean = SD) (mean = SD)

Leukocyte Fraction 0.1657 + 0.1441 0.1103 + 0.0849 5.2238 <0.0001
Proliferation —1.506 + 0.4436 -1.6442 + 0.3774 3.7407 0.0002
Wound Healing -0.2648 + 0.0814 -0.2739 + 0.0788 1.2739 0.2033
Macrophage Regulation -0.1967 + 0.7678 —-0.25 + 0.5075 0.9132 0.3617
IFN-gamma Response -0.3298 + 0.6123 —0.3508 + 0.5021 0.4167 0.6771

TGF-beta Response -0.1127 + 0.3948 -0.077 + 0.2707 -1.177 0.2398
SNV Neoantigens 6.1617 £ 5.1199 4.5164 + 3.5929 4.0572 <0.0001
Indel Neoantigens 11.4043 + 20.6571 10.0769 + 22.261 0.405 0.686

Silent Mutation Rate 0.1077 £ 0.1112 0.0742 £ 0.077 3.8519 <0.0001
Nonsilent Mutation Rate 0.3355 + 0.2598 0.2332 + 0.1556 5.2605 <0.0001
Number of Segments 51.8537 + 14.7062 50.3902 + 11.8516 1.2152 0.2249
Fraction Altered 0.0562 + 0.1766 0.0112 + 0.0608 3.7802 0.0002
Aneuploidy Score 1+ 3.3588 0.2026 + 1.348 3.3506 0.0009
Homologous Recombination Defects 0.6121 + 1.6737 0.3216 + 1.0839 2.2117 0.0276
BCR Shannon 2.4196 + 1.5996 2.105 + 1.5211 1.5499 0.1225
TCR Shannon 2.2245 + 1.2885 1.8856 + 1.121 2.9881 0.003

data analysis results and still need further experimental verification.
However, these results expand our understanding of the expression
regulation of these three prognosis-related genes.

We constructed diagnostic and prognostic models based on
mRNA expression data and DNA methylation data of 3 DEGs.
We found that the diagnostic efficiency was 92%, while the
diagnostic efficiency in our patient cohort was 100%. P-values
of Hosmer-Lemeshow test are greater than 0.05 (0.61 and 0.08,
respectively), indicating the stability of the diagnostic model. In
the prognostic model, the prognosis of high-risk patients is
worse. In order to combine clinical information and simplify
evaluation conditions, we used nomograms to show the results of
multivariate Cox regression and scored them. The calibration
diagram verifies that our nomogram has a good predictive effect
on the prognosis of patients. However, due to our short follow-
up time, further verification cannot be carried out. The expression
of these 3 DEGs is closely related to DNA methylation, we used the
DNMIVD to construct the methylation diagnosis and prognostic
model (23). It was found that the diagnostic efficiency was lower
than that of the gene expression based diagnostic model. The
prognosis of high-risk patients is also poor. Due to the lack of
validation set, we were unable to conduct further evaluation.
However, these results suggest that gene expression and DNA
methylation may play an important role in the diagnosis and
prognosis of PTC. It provides part of the basis for potential
clinical translation in the next study.

We evaluated tumor- and immune-related characteristics of
different risk groups in the transcriptome-level prognostic
model. We found that patients in the high-risk group were
associated with older age and more invasive pathological types.
The level of proliferation, TMB, SNV neoantigens, aneuploidy
scores, and HRD score increased significantly in the high-risk
group. This implies the complex heterogeneity of high-risk
groups and provides potential epitopes for immune cells to
recognize tumor cells (45).The level of immune infiltration and
the diversity of TCR increased significantly in the high-risk
group, while CD8" T cell decreased. This indicates that T cell
function is impaired and tumor immune escape occurred (46),

since survival rates of PTC patients increased when CD8" T
lymphocytes were infiltrated (47). Continuous antigen recognition
in the tumor microenvironment is an important driver of T cell
dysfunction (48). Since the function of macrophages in tumors is
closely related to their subtypes, we cannot determine which
macrophage subtypes are elevated in the high-risk group. These
clinical and molecular characteristics suggest the rationality of the
high-risk group. TIMER and EPIC algorithms were inconsistent in
inferring the infiltration level of other immune cell types, thus we
focused on the infiltration level of CD8" T cell. We did not analyze
and discuss other immune cells. Due to the most PTCs belonging to
C3 immune subtype (inflammatory), there is no significant
difference in C1 (wound healing), C2 (IFN-y dominant), and C6
(TGF-B dominant) between the two groups (31). Therefore, we
infer that this 3-gene panel may be a good prognostic model.
However, more experimental evidence is needed to support the
further mechanism of tumorigenesis and development and the type
of immune infiltration.

There are also some limitations in this study. Firstly, the
number of scRNA-seq samples is limited. In addition, our
analysis is based on the filtered data set, and we cannot handle
the real batch effect. Most of the data we obtained are relatively
quantitative data, which only explains the tendency of some
phenomena and is not absolutely accurate. Due to various
factors, the samples we collected also have heterogeneity, but
these are also the characteristics of clinical samples. Finally, we
only analyzed the gene expression level without paying attention
to point mutations, indels, gene fusions, copy number
alternations, which will be the content to be studied in the future.

CONCLUSIONS

We used single-cell RNA-seq to focus on the gene changes
between PTC tumor cells and normal epithelial cells, screened 3
DEGs related to prognosis, and analyzed that their expression may
be related to methylation and transcription factors and tumor
immune infiltration. The diagnostic and prognostic models
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constructed by the 3-gene panel have good effect. It may be a
supplementary indicator of traditional prediction methods.

DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in
the article/Supplementary Material. Further inquiries can be
directed to the corresponding author/s.

ETHICS STATEMENT

The study protocol was approved by the ethics committee of the
General Hospital of Tianjin Medical University (IRB2021-KY-
022). The patients/participants provided their written informed
consent to participate in this study.

AUTHOR CONTRIBUTIONS

XH-H and K-Z designed the study and revised the manuscript.
ZY-C collected and analyzed the single cell RNA sequencing and
the TCGA-THCA data, and wrote the manuscript. YZ-W
collected and analyzed the bulk RNA-seq data of our cohort.
DY-L, YT-L and Y-H performed the qPCR experiment. LN-J and
CG-Y performed the visualization operation of correlation
analysis. ZG-T, WB-S, and FX-L provided the samples and
clinical information of patients. All authors listed have made a
substantial, direct, and intellectual contribution to the work and
approved it for publication.

REFERENCES

1. Miranda-Filho A, Lortet-Tieulent J, Bray F, Cao B, Franceschi S, Vaccarella S,
et al. Thyroid Cancer Incidence Trends by Histology in 25 Countries: A
Population-Based Study. Lancet Diabetes Endocrinol (2021) 9(4):225-34.
doi: 10.1016/52213-8587(21)00027-9

2. Fagin JA, Wells SA. Biologic and Clinical Perspectives on Thyroid Cancer.
N Engl ] Med (2016) 375(11):1054-67. doi: 10.1056/NEJMral1501993

3. Rozenbaum A, Buffet C, Bigorgne C, Royer B, Rouxel A, Bienvenu M, et al.
Outcomes of Active Surveillance of EU-TIRADS 5 Thyroid Nodules. Eur |
Endocrinol (2021) 184(5):677-86. doi: 10.1530/EJE-20-1481

4. French JD. Immunotherapy for Advanced Thyroid Cancers - Rationale,
Current Advances and Future Strategies. Nat Rev Endocrinol (2020) 16
(11):629-41. doi: 10.1038/s41574-020-0398-9

5. Amin MB, Greene FL, Edge SB, Compton CC, Gershenwald JE, Brookland
RK, et al. The Eighth Edition AJCC Cancer Staging Manual: Continuing to
Build a Bridge From a Population-Based to a More “Personalized” Approach
to Cancer Staging. CA Cancer J Clin (2017) 67(2):93-9. doi: 10.3322/
caac.21388

6. Haugen BR, Alexander EK, Bible KC, Doherty GM, Mandel SJ, Nikiforov YE,
et al. 2015 American Thyroid Association Management Guidelines for Adult
Patients With Thyroid Nodules and Differentiated Thyroid Cancer: The
American Thyroid Association Guidelines Task Force on Thyroid Nodules
and Differentiated Thyroid Cancer. Thyroid (2016) 26(1):1-133. doi: 10.1089/
thy.2015.0020

7. Russ G, Bonnema SJ, Erdogan MF, Durante C, Ngu R, Leenhardt L. European
Thyroid Association Guidelines for Ultrasound Malignancy Risk

FUNDING

This work was funded by the National Natural Science
Foundation of China (NSFC, No. 81672641), the Tianjin
Education Commission’s Science and Technology Project
(2020KJ153), and Tianjin key Medical Discipline (Specialty)
Construction Project.

ACKNOWLEDGMENTS

We acknowledge the TCGA, GETx and GEO databases for their
platforms, and also the contributors that uploaded their valuable
datasets. We thank the TCGA for the public data provided by
The Pan-Cancer Atlas. We acknowledge Dr. Jianming Zeng
(University of Macau), and all the members of his bioinformatics
team, biotrainee, for generously sharing their experience and codes.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at:
https://www.frontiersin.org/articles/10.3389/fonc.2022.862313/
full#supplementary-material

Supplementary Figure 1 | Annotation of cell type. (A) Marker genes of different
cell clusters in 4 tumor samples. (B) UMAP of cell clustering in 4 tumor samples.
(C) Marker genes of different cell clusters in 4 normal samples. (D) UMAP of cell
clustering in 4 NORMAL samples.

Supplementary Figure 2 | Annotation of cell type. (A) KM plot of genome-level
altered group and unchanged group. (B-D) Relationship between DNA methylation
sites and gene expression of three prognosis related genes.

Stratification of Thyroid Nodules in Adults: The EU-TIRADS. Eur Thyroid
7 (2017) 6(5):225-37. doi: 10.1159/000478927
. Stark R, Grzelak M, Hadfield ]. RNA Sequencing: The Teenage Years. Nat Rev
Genet (2019) 20(11):631-56. doi: 10.1038/s41576-019-0150-2
9. Zhang S, Chen S, Wang Y, Zhan Y, Li ], Nong X, et al. Association of a Novel
Prognosis Model With Tumor Mutation Burden and Tumor-Infiltrating
Immune Cells in Thyroid Carcinoma. Front Genet (2021) 12. doi: 10.3389/
fgene.2021.744304
Gohil SH, Iorgulescu JB, Braun DA, Keskin DB, Livak KJ. Applying High-
Dimensional Single-Cell Technologies to the Analysis of Cancer
Immunotherapy. Nat Rev Clin Oncol (2021) 18(4):244-56. doi: 10.1038/
541571-020-00449-x
Pu W, Shi X, Yu P, Zhang M, Liu Z, Tan L, et al. Single-Cell Transcriptomic
Analysis of the Tumor Ecosystems Underlying Initiation and Progression of
Papillary Thyroid Carcinoma. Nat Commun (2021) 12(1):6058. doi: 10.1038/
$41467-021-26343-3
Hao Y, Hao S, Andersen-Nissen E, Mauck WM, Zheng S, Butler A, et al.
Integrated Analysis of Multimodal Single-Cell Data. Cell (2021) 184
(13):3573-3587.€29. doi: 10.1016/j.cell.2021.04.048
Qiu X, Mao Q, Tang Y, Wang L, Chawla R, Pliner HA, et al. Reversed Graph
Embedding Resolves Complex Single-Cell Trajectories. Nat Methods (2017)
14(10):979-82. doi: 10.1038/nmeth.4402
Vivian ], Rao AA, Nothaft FA, Ketchum C, Armstrong J, Novak A, et al. Toil
Enables Reproducible, Open Source, Big Biomedical Data Analyses. Nat
Biotechnol (2017) 35(4):314-6. doi: 10.1038/nbt.3772
Mayakonda A, Lin DC, Assenov Y, Plass C, Koeffler HP. Maftools: Efficient
and Comprehensive Analysis of Somatic Variants in Cancer. Genome Res
(2018) 28(11):1747-56. doi: 10.1101/gr.239244.118

o

10.

11.

12.

13.

14.

15.

Frontiers in Oncology | www.frontiersin.org

March 2022 | Volume 12 | Article 862313


https://www.frontiersin.org/articles/10.3389/fonc.2022.862313/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2022.862313/full#supplementary-material
https://doi.org/10.1016/S2213-8587(21)00027-9
https://doi.org/10.1056/NEJMra1501993
https://doi.org/10.1530/EJE-20-1481
https://doi.org/10.1038/s41574-020-0398-9
https://doi.org/10.3322/caac.21388
https://doi.org/10.3322/caac.21388
https://doi.org/10.1089/thy.2015.0020
https://doi.org/10.1089/thy.2015.0020
https://doi.org/10.1159/000478927
https://doi.org/10.1038/s41576-019-0150-2
https://doi.org/10.3389/fgene.2021.744304
https://doi.org/10.3389/fgene.2021.744304
https://doi.org/10.1038/s41571-020-00449-x
https://doi.org/10.1038/s41571-020-00449-x
https://doi.org/10.1038/s41467-021-26343-3
https://doi.org/10.1038/s41467-021-26343-3
https://doi.org/10.1016/j.cell.2021.04.048
https://doi.org/10.1038/nmeth.4402
https://doi.org/10.1038/nbt.3772
https://doi.org/10.1101/gr.239244.118
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Chen et al.

3-Gene Panel for PTC Prognosis

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Tang Z, Kang B, Li C, Chen T, Zhang Z. GEPIA2: An Enhanced Web Server
for Large-Scale Expression Profiling and Interactive Analysis. Nucleic Acids
Res (2019) 47(W1):W556-60. doi: 10.1093/nar/gkz430

Szklarczyk D, Gable AL, Nastou KC, Lyon D, Kirsch R, Pyysalo S, et al. The
STRING Database in 2021: Customizable Protein-Protein Networks, and
Functional Characterization of User-Uploaded Gene/Measurement Sets.
Nucleic Acids Res (2021) 49(D1):D605-12. doi: 10.1093/nar/gkaal074
Warde-Farley D, Donaldson SL, Comes O, Zuberi K, Badrawi R, Chao P, et al.
The GeneMANIA Prediction Server: Biological Network Integration for Gene
Prioritization and Predicting Gene Function. Nucleic Acids Res (2010) 38(Web
Server issue):W214-20. doi: 10.1093/nar/gkq537

Yu G, Wang LG, Han Y, He QY. Clusterprofiler: An R Package for Comparing
Biological Themes Among Gene Clusters. OMICS (2012) 16(5):284-7.
doi: 10.1089/0mi.2011.0118

Liberzon A, Birger C, Thorvaldsdottir H, Ghandi M, Mesirov JP, Tamayo P.
The Molecular Signatures Database (MSigDB) Hallmark Gene Set Collection.
Cell Syst (2015) 1(6):417-25. doi: 10.1016/j.cels.2015.12.004

Uhlén M, Fagerberg L, Hallstrom BM, Lindskog C, Oksvold P, Mardinoglu A,
et al. Proteomics. Tissue-Based Map of the Human Proteome. Science (2015)
347(6220):1260419. doi: 10.1126/science.1260419

Cerami E, Gao ], Dogrusoz U, Gross BE, Sumer SO, Aksoy BA, et al. The cBio
Cancer Genomics Portal: An Open Platform for Exploring Multidimensional
Cancer Genomics Data. Cancer Discov (2012) 2(5):401-4. doi: 10.1158/2159-
8290.CD-12-0095

Ding W, Chen J, Feng G, Chen G, Wu ], Guo Y, et al. DNMIVD: DNA
Methylation Interactive Visualization Database. Nucleic Acids Res (2020) 48
(D1):D856-62. doi: 10.1093/nar/gkz830

Koch A, Jeschke J, Van Criekinge W, Van Engeland M, De Meyer T.
MEXPRESS Update 2019. Nucleic Acids Res (2019) 47(W1):W561-5.
doi: 10.1093/nar/gkz445

Keenan AB, Torre D, Lachmann A, Leong AK, Wojciechowicz ML, Utti V,
et al. ChEA3: Transcription Factor Enrichment Analysis by Orthogonal
Omics Integration. Nucleic Acids Res (2019) 47(W1):W212-24.
doi: 10.1093/nar/gkz446

Luo X, Li H, Liang ], Zhao Q, Xie Y, Ren J, et al. RMVar: An Updated Database
of Functional Variants Involved in RNA Modifications. Nucleic Acids Res
(2021) 49(D1):D1405-12. doi: 10.1093/nar/gkaas811

Li Y, Xiao J, BaiJ, Tian Y, Qu Y, Chen X, et al. Molecular Characterization and
Clinical Relevance of M 6 A Regulators Across 33 Cancer Types. Mol Cancer
(2019) 18(1):137. doi: 10.1186/s12943-019-1066-3

Zhang B, Wu Q, Li B, Wang D, Wang L, Zhou YL. M 6 A Regulator-Mediated
Methylation Modification Patterns and Tumor Microenvironment Infiltration
Characterization in Gastric Cancer. Mol Cancer (2020) 19(1):53. doi: 10.1186/
$12943-020-01170-0

Li T, Fu J, Zeng Z, Cohen D, Li ], Chen Q, et al. TIMER2.0 for Analysis of
Tumor-Infiltrating Immune Cells. Nucleic Acids Res (2020) 48(W1):W509-14.
doi: 10.1093/nar/gkaa407

Sturm G, Finotello F, Petitprez F, Zhang JD, Baumbach J, Fridman WH, et al.
Comprehensive Evaluation of Transcriptome-Based Cell-Type Quantification
Methods for Immuno-Oncology. Bioinformatics (2019) 35(14):i436-45.
doi: 10.1093/bioinformatics/btz363

Thorsson V, Gibbs DL, Brown SD, Wolf D, Bortone DS, Ou Yang TH, et al.
The Immune Landscape of Cancer. Immunity (2018) 48(4):812-830.e14.
doi: 10.1016/j.immuni.2018.03.023

Yoshihara K, Shahmoradgoli M, Martinez E, Vegesna R, Kim H, Torres-
Garcia W, et al. Inferring Tumour Purity and Stromal and Immune Cell
Admixture From Expression Data. Nat Commun (2013) 4:2612. doi: 10.1038/
ncomms3612

Chin CH, Chen SH, Wu HH, Ho CW, Ko MT, Lin CY. Cytohubba: Identifying
Hub Objects and Sub-Networks From Complex Interactome. BMC Syst Biol
(2014) 8 Suppl 4(Suppl 4):S11. doi: 10.1186/1752-0509-8-54-S11

Simpson KW, Albores-Saavedra J. Unusual Findings in Papillary Thyroid
Microcarcinoma Suggesting Partial Regression: A Study of Two Cases. Ann
Diagn Pathol (2007) 11(2):97-102. doi: 10.1016/j.anndiagpath.2006.03.008
LiuY, Wang Y, Zhao K, Li D, Chen Z, Jiang R, et al. Lymph Node Metastasis in
Young and Middle-Aged Papillary Thyroid Carcinoma Patients: A SEER-Based
Cohort Study. BMC Cancer (2020) 20(1):181. doi: 10.1186/s12885-020-6675-0

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

Severson JJ, Serracino HS, Mateescu V, Raeburn CD, McIntyre RC, Sams SB,
et al. PD-1+Tim-3+ CD8+ T Lymphocytes Display Varied Degrees of
Functional Exhaustion in Patients With Regionally Metastatic Differentiated
Thyroid Cancer. Cancer Immunol Res (2015) 3(6):620-30. doi: 10.1158/2326-
6066.CIR-14-0201

Sponziello M, Rosignolo F, Celano M, Maggisano V, Pecce V, De Rose RF,
et al. Fibronectin-1 Expression is Increased in Aggressive Thyroid Cancer and
Favors the Migration and Invasion of Cancer Cells. Mol Cell Endocrinol (2016)
431:123-32. doi: 10.1016/j.mce.2016.05.007

Vasko V, Espinosa AV, Scouten W, He H, Auer H, Liyanarachchi S, et al.
Gene Expression and Functional Evidence of Epithelial-to-Mesenchymal
Transition in Papillary Thyroid Carcinoma Invasion. Proc Natl Acad Sci U
S A (2007) 104(8):2803-8. doi: 10.1073/pnas.0610733104

Shannan B, Seifert M, Leskov K, Willis J, Boothman D, Tilgen W, et al.
Challenge and Promise: Roles for Clusterin in Pathogenesis, Progression and
Therapy of Cancer. Cell Death Differ (2006) 13(1):12-9. doi: 10.1038/
sj.cdd.4401779

Fuzio P, Napoli A, Ciampolillo A, Lattarulo S, Pezzolla A, Nuzziello N, et al.
Clusterin Transcript Variants Expression in Thyroid Tumor: A Potential
Marker of Malignancy? BMC Cancer (2015) 15(1):349. doi: 10.1186/s12885-
015-1348-0

Zhao X, Ma W, Li X, Li H, Li J, Li H, et al. ANXA1 Enhances Tumor
Proliferation and Migration by Regulating Epithelial-Mesenchymal
Transition and IL-6/JAK2/STAT3 Pathway in Papillary Thyroid Carcinoma.
J Cancer (2021) 12(5):1295-306. doi: 10.7150/jca.52171

Ciregia F, Giusti L, Molinaro A, Niccolai F, Mazzoni MR, Rago T, et al.
Proteomic Analysis of Fine-Needle Aspiration in Differential Diagnosis of
Thyroid Nodules. Transl Res (2016) 176:81-94. doi: 10.1016/j.trs1.2016.04.004
Zafon C, Gil J, Pérez-Gonzalez B, Jorda M. DNA Methylation in Thyroid
Cancer. Endocr Relat Cancer (2019) 26(7):R415-39. doi: 10.1530/ERC-19-
0093

Yu ZH, Feng ST, Zhang D, Cao XC, Yu Y, Wang X. The Functions and
Prognostic Values of M6a RNA Methylation Regulators in Thyroid
Carcinoma. Cancer Cell Int (2021) 21(1):385. doi: 10.1186/s12935-021-
02090-9

McGranahan N, Furness AJS, Rosenthal R, Ramskov S, Lyngaa R, Saini SK,
et al. Clonal Neoantigens Elicit T Cell Immunoreactivity and Sensitivity to
Immune Checkpoint Blockade. Science (2016) 351(6280):1463-9.
doi: 10.1126/science.aaf1490

Crespo J, Sun H, Welling TH, Tian Z, Zou W. T Cell Anergy, Exhaustion,
Senescence and Stemness in the Tumor Microenvironment. Curr Opin
Immunol (2013) 25(2):214. doi: 10.1016/}.c0i.2012.12.003

Yang Z, Wei X, Pan Y, Xu J, Si Y, Min Z, et al. A New Risk Factor Indicator for
Papillary Thyroid Cancer Based on Immune Infiltration. Cell Death Dis (2021)
12(1):51. doi: 10.1038/s41419-020-03294-z

van der Leun AM, Thommen DS, Schumacher TN. CD8+ T Cell States in
Human Cancer: Insights Fromsingle-Cell Analysis. Nat Rev Cancer (2020) 20
(4):218. doi: 10.1038/s41568-019-0235-4

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Copyright © 2022 Chen, Wang, Li, Le, Han, Jia, Yan, Tian, Song, Li, Zhao and He.
This is an open-access article distributed under the terms of the Creative Commons
Attribution License (CC BY). The use, distribution or reproduction in other forums is
permitted, provided the original author(s) and the copyright owner(s) are credited and
that the original publication in this journal is cited, in accordance with accepted
academic practice. No use, distribution or reproduction is permitted which does not
comply with these terms.

Frontiers in Oncology | www.frontiersin.org

March 2022 | Volume 12 | Article 862313


https://doi.org/10.1093/nar/gkz430
https://doi.org/10.1093/nar/gkaa1074
https://doi.org/10.1093/nar/gkq537
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1016/j.cels.2015.12.004
https://doi.org/10.1126/science.1260419
https://doi.org/10.1158/2159-8290.CD-12-0095
https://doi.org/10.1158/2159-8290.CD-12-0095
https://doi.org/10.1093/nar/gkz830
https://doi.org/10.1093/nar/gkz445
https://doi.org/10.1093/nar/gkz446
https://doi.org/10.1093/nar/gkaa811
https://doi.org/10.1186/s12943-019-1066-3
https://doi.org/10.1186/s12943-020-01170-0
https://doi.org/10.1186/s12943-020-01170-0
https://doi.org/10.1093/nar/gkaa407
https://doi.org/10.1093/bioinformatics/btz363
https://doi.org/10.1016/j.immuni.2018.03.023
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1186/1752-0509-8-S4-S11
https://doi.org/10.1016/j.anndiagpath.2006.03.008
https://doi.org/10.1186/s12885-020-6675-0
https://doi.org/10.1158/2326-6066.CIR-14-0201
https://doi.org/10.1158/2326-6066.CIR-14-0201
https://doi.org/10.1016/j.mce.2016.05.007
https://doi.org/10.1073/pnas.0610733104
https://doi.org/10.1038/sj.cdd.4401779
https://doi.org/10.1038/sj.cdd.4401779
https://doi.org/10.1186/s12885-015-1348-0
https://doi.org/10.1186/s12885-015-1348-0
https://doi.org/10.7150/jca.52171
https://doi.org/10.1016/j.trsl.2016.04.004
https://doi.org/10.1530/ERC-19-0093
https://doi.org/10.1530/ERC-19-0093
https://doi.org/10.1186/s12935-021-02090-9
https://doi.org/10.1186/s12935-021-02090-9
https://doi.org/10.1126/science.aaf1490
https://doi.org/10.1016/j.coi.2012.12.003
https://doi.org/10.1038/s41419-020-03294-z
https://doi.org/10.1038/s41568-019-0235-4
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

	Single-Cell RNA Sequencing Revealed a 3-Gene Panel Predicted the Diagnosis and Prognosis of Thyroid Papillary Carcinoma and Associated With Tumor Immune Microenvironment
	Introduction
	Materials and Methods
	Data Collection, Processing and Downstream Analysis
	Protein–Protein Interaction (PPI) and GSEA Enrichment Analysis
	Clinical Samples and Ethical Statements
	Quantitative Real-Time Polymerase Chain Reaction (qRT-PCR) and Immunohistochemistry
	Evaluation of Gene Regulatory Networks Using Multi-Omics Databases
	Construction of Diagnostic Model and Prognostic Model
	Evaluation of Immune Infiltration and Immune Score
	Statistical Analysis

	Results
	Single-Cell RNA Sequencing Reveals Cell Distribution and DEGs in Tumor Cells and Normal Cells
	Protein Interaction Network and GSEA Enrichment Analysis of DEGs
	Screen Hub DEGs and Explore the Expression of 3 Prognosis-Related Genes
	Potential Regulatory Networks of Three Core Genes
	The Diagnosis and Prognostic Model of PTC Was Constructed and Featured in Nomogram
	Integrative Analysis of Prognostic Model

	Discussion
	Conclusions
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Funding
	Acknowledgments
	Supplementary Material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


