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A biomarker and molecular mechanism
investigation for thyroid cancer
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Abstract

Introduction: This study aimed to reveal the potential molecular mechanism associated with thyroid
cancer (THCA) prognosis, and investigate promising biomarkers for THCA.

Material and methods: Differentially expressed genes (DEGs) were compared between THCA
samples (THCA group) and normal samples (N group). Then, enrichment analysis and protein-protein
interaction (PPI) network analysis were performed, followed by prognostic hub gene exploration from
the PPI network. Furthermore, the prognostic and mutation analysis was performed on these hub genes.
Finally, the associations of the hub gene with immune cells were investigated.

Results: A total of 802 DEGs were obtained between the THCA group and the N group. These
DEGs were mainly enriched in pathways such as lysine degradation. From the PPI network, 20 hub
genes, including CD44, CCND1, SNAII, and KIT, were investigated. The survival analysis showed that
the up-regulation of CD44 and down-regulation of SNAII contributed to the favorable and unfavorable
outcomes of patients with THCA, respectively. Meanwhile, the diagnostic analysis showed that the AUC
of KIT in THCA was larger than 0.9. Furthermore, the gene mutation analysis showed that the alter-
nated CCNDI participated in the cell cycle pathway. Finally, the correlation analysis showed that
prognostic genes such as CD44 were positively correlated with immune cells such as M1 macrophages.

Conclusions: A total of 20 hub genes including CCND1, CD44, SNAIl, and KIT were revealed as
potential biomarkers for the differential diagnosis, prognosis, and development of drug targets of THCA.
The lysine degradation pathway and cell cycle pathway might take part in the progression of THCA.

Key words: thyroid cancer, differentially expressed genes, biomarkers, function and pathway

analysis, immune cell infiltration.

Introduction

Thyroid cancer (THCA) is the most common endo-
crine neoplasm, accounting for approximately 1.7% of all
cancer diagnoses [1]. This cancer is classified into several
histological types, including papillary thyroid carcinoma
(PTC), follicular thyroid carcinoma (FTC), medullary thy-
roid carcinoma (MTC), and anaplastic thyroid carcinoma
(ATC) [2]. Treatments including radioactive iodine and
thyroidectomy are classic methods for clinical therapy
of THCA and thyroid disease [3, 4]. However, in many
cases, the benefits of these classic methods are inconclu-
sive due to the poor prognosis and complications [5]. Thus,
it is urgently necessary to reveal novel diagnostic strategies
for the clinical treatment of THCA.

Differentially expressed genes (DEGs) are a group
of genes that exhibit significant changes in expression lev-
els between different conditions, such as normal and dis-
eased tissues. Identifying DEGs in thyroid cancer can pro-
vide valuable insights into the molecular mechanisms of its
development, progression, and response to therapy [6].

(Cent Eur J Immunol 2023; 48 (3): 203-218)

It has been proved that genes such as LGALS3 and CD44
were differentially expressed between normal and THCA
samples, which can be used as novel biomarkers for the di-
agnosis and gene therapy of THCA [7, 8]. Bergstrom et al.
reported that the aberrant activation of epidermal growth
factors may lead to overexpression and activation of DEGs
such as MET, which further contributed to the develop-
ment of THCA [9]. A previous study showed that immune
cells, including macrophages, promote tumor progression
through several mechanisms such as cell growth and inter-
act with various genes including COL1A1 [10, 11]. There-
fore, a further study of the molecular mechanism during
THCA progression is vital for the investigation of novel
prognostic markers and treatment strategies.

The Cancer Genome Atlas (TCGA) is a comprehen-
sive resource that provides genomic, transcriptomic, and
clinical data for various types of human cancer, including
thyroid cancer [12]. By analyzing TCGA data, researchers
can identify crucial DEGs and pathways associated with
thyroid cancer and explore their functional implications
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in the context of cancer development, progression, and re-
sponse to therapy [13].

Based on the UCSC Xena platform (http://xena.ucsc.
edu/), this study elucidates crucial DEGs and pathways
associated with THCA by analyzing the TCGA dataset.
Enrichment analysis and protein-protein interaction (PPI)
network analysis were performed, followed by the prog-
nostic hub gene exploration from the PPI network. Then,
prognostic and mutation analysis was performed on these
hub genes. Finally, the associations of the hub gene with
immune cells were investigated. We hope to reveal the po-
tential molecular mechanism associated with THCA pro-
gression and investigate promising biomarkers for THCA.

Material and methods

Microarray data and pre-processing

TCGA Thyroid cancer FPKM data and associated clin-
ical information were obtained from the UCSC Genome
Browser database [14] using R software (version: 3.6.5).
The platform was Illumina HiSeq 2000 RNA Sequencing.
The reannotation of RNA-seq data in TCGA was performed
based on the annotation information provided by the HUGO
Gene Nomenclature Committee (HGNC) database [15].
Finally, a total of 496 THCA samples with clinical prognos-
tic information (THCA group) and 56 solid tissue normal
samples (N group) were revealed from the TCGA database.

Differential expression analysis

The limma package of R [16] was used to explore
the DEGs between the THCA group and N group based on
the TCGA Thyroid cancer dataset. The Benjamini & Hoch-
berg (BH) adjusted p < 0.05 and llog2 fold change (FC)| > 1
were selected as the thresholds for DEG screening. The vol-
cano plots visualized the results using ggplot2 (version:
1.0.12) [17]. Then, clustering heatmap analysis of TCGA
THCA with DEGs was performed to detect the diagnostic
effect of DEGs using ggplot2 (version: 1.0.12) [17]. Finally,
principal component analysis (PCA) was further used to
investigate the classification effect of DEGs.

Enrichment analysis for co-DEGs

Gene ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway analyses were performed
based on the screened DEGs using Metascape software
[18]. The GO functions include biological process (BP),
cellular components (CC), and molecular function (MF).
The p value < 0.05, minimum count = 3, and enrichment
factor > 1.5 were considered as the threshold for the cur-
rent enrichment analysis.

Gene set enrichment analysis

Gene set enrichment analysis (GSEA) was performed
based on the TCGA dataset using the clusterProfiler pack-
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age of R [19]. The “C2. Cp. kegg. V7.4. Symbols. GMT”
and “C5. Go. BP. V7.4. Symbols. GMT” were selected as
reference gene sets for the current analysis. P < 0.05 was
considered as the threshold for GSEA.

PPI network construction

The hub proteins associated with DEGs were selected
according to the STRING database (species: Homo sapi-
ens). Then, the PPI network was constructed by Cytoscape
software (version: 10.0; version: 3.8.2) [20]. Furthermore,
molecular complex detection (MCODE, version: 1.5.1)
[21], a plug-in of Cytoscape software, was used to screen
the significantly enriched modules from the PPI network
with a score > 10, followed by GO and KEGG enrichment
analysis using Metascape software [18]. Finally, the hub
genes were explored using cytohubba software [22].

Diagnostic and mutation analysis based
on prognostic genes

The mutation analysis, diagnostic analysis, and receiver
operating characteristic curve (ROC) analysis of each hub
gene in the TCGA data set were carried out. cBioPortal
for Cancer Genomics is an open-source resource for in-
teractive exploration of multiple cancer genomics datasets
[23]. The mutation analysis was performed on hub genes
and THCA using cBioPortal software. Then, Kaplan-Meier
(KM) assessment was used for the survival analysis of hub
genes according to the high and low expression based on
R survival [24] and surviviner [25] software, and hub genes
with good prognosis (log rank p < 0.1) were visualized.
Finally, ROC analysis was performed on each hub gene us-
ing the pROC package in R [26] to evaluate the diagnostic
effect of this hub gene. The ROC curve between gene and
patient was visualized using the ROC package. The area
under the curve (AUC) was used to evaluate the diagnostic
effect of gene expression on normal and disease tissue.

Immune infiltration and correlation analysis

Immune infiltration analysis was performed on hub
genes. Briefly, a total of 22 types of reference cells were
used to calculate the infiltration scores according to
the CIBERSORT algorithm [27]. Then, the correlation
and difference of immune cell infiltrations were visual-
ized using the corrplot package and ggplot2, respectively
[25]. The correlations of hub gene vs. immune cell infil-
tration and immune cells vs. immune cells were analyzed
with Pearson’s correlation coefficient using corr.test in
the psych package of R and corrplot in the corrplot pack-
age of R [28]. The results were visualized using the heat-
map package in R software.

Enrichment results evaluation based on gene set
variation analysis

Based on the msigdb.v7.4.symbols.gmt enrichment
background in the MSigDB v7.4 database, the enrichment

Central European Journal of Immunology 2023; 48(3)



scores (ES) of each function and pathway in each sample
of the TCGA Thyroid cancer dataset were calculated to
obtain a scoring matrix using the GMT file in MiSigDB
and gene set variation analysis (GSVA) algorithm in
R package [29]. Then, differential expression analysis be-
tween the THCA group and N group was performed on
each GO-BP, GO-CC, GO-MF, and pathway item using
the limma package in R software. Finally, the BH adjusted
P <0.05 and llog,FCl > 0.3 were considered cut-off values
for the current analysis. The top 20 terms of each enrich-
ment result were listed according to the FDR values.

Results

DEG identification between the THCA group
and N group

After pre-processing, a total of 19 070 mRNAs and
552 samples were explored from TCGA Thyroid cancer
FPKM datasets. Then, with [log,FCI > 1 and p < 0.05, a total
of 802 DEGs including 425 up-regulated and 377 down-reg-
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ulated genes were revealed between groups. The volcano
plot for these DEGs is shown in Figure 1A. The cluster-
ing analysis for DEGs between groups showed that most
of the samples in the THCA group (red) were clustered into
one class, and most samples in the N group (blue) were clus-
tered into the other class (Fig. 1B). Furthermore, the PCA
analysis showed that the disease samples and normal sam-
ples were separated into different clusters (Fig. 1C).

GO and KEGG enrichment analysis

The 802 DEGs revealed in this study were mainly as-
sembled in GO functions such as blood vessel develop-
ment (BP, GO:0001568) (Fig. 2A), external encapsulating
structure (CC, GO:0030312) (Fig. 2B), and extracellular
matrix structural constituent (MFE, GO:0005201) (Fig. 2C).
Meanwhile, these DEGs were mainly enriched in KEGG
pathways such as pathways in cancer (hsa05200), com-
plement and coagulation cascades (hsa04610), and tran-
scriptional misregulation in cancer (hsa04514) (Fig. 2D).
The detailed information for all included GO functions and
KEGG pathways is listed in Table 1.
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Fig. 1. The differentially expressed genes (DEGs) between
thyroid cancer (THCA, shown as “T” in the figure) group
and normal (N) group. A) The volcano plot for DEGs be-
tween THCA group and N group: the red dot represents
the up-regulated gene, while the blue dot represents
the down-regulated gene. B) The clustering heatmap for
DEGs between THCA group and N group: the red block
represents the up-regulated gene, while the blue block
represents the down-regulated gene; the different colors
on the top bar represent different groups. C) The principal
component analysis (PCA) for all samples in the Thyroid
dataset: the red dot represents the up-regulated gene, while
the blue dot represent the down-regulated gene
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Table 1. Significant GO functions and KEGG pathways enriched by 802 DEGs between THCA group and N group

Category GO Description Count Log P value
GO-BP GO:0001568 Blood vessel development 82 —24.17939131
GO-BP GO0:0048514 Blood vessel morphogenesis 76 —23.23068641
GO-BP GO0:0001525 Angiogenesis 60 —-16.45665961
GO-BP GO:0045766 Positive regulation of angiogenesis 17 —4.743446526
GO-BP GO:1904018 Positive regulation of vasculature development 17 —4.743446526
GO-BP GO:0045765 Regulation of angiogenesis 25 —4.63695901
GO-BP GO:1901342 Regulation of vasculature development 25 —4.51312498
GO-BP GO0:0030155 Regulation of cell adhesion 80 —23.63209655
GO-BP GO0:0031589 Cell-substrate adhesion 43 —14.45274209
GO-BP GO0:0045785 Positive regulation of cell adhesion 44 —12.30043803
GO-MF GO0:0005201 Extracellular matrix structural constituent 40 —24.40441231
GO-BP G0:0005198 Structural molecule activity 62 —14.32024822
GO-BP GO0:0005509 Calcium ion binding 62 —-14.12366064
GO-BP G0:0005539 Glycosaminoglycan binding 33 —13.52375903
GO-BP GO:1901681 Sulfur compound binding 32 —-11.07920336
GO-BP G0:0008201 Heparin binding 25 -10.95737156
GO-BP GO0:0008236 Serine-type peptidase activity 29 —12.17739977
GO-BP GO0:0017171 Serine hydrolase activity 29 —11.95564491
GO-BP GO:0004252 Serine-type endopeptidase activity 27 —11.56476972
GO-BP GO0:0008233 Peptidase activity 40 —5.498196332
GO-CC GO0:0030312 External encapsulating structure 93 —42.50933084
GO-CC GO0:0031012 Extracellular matrix 92 —41.70717587
GO-CC GO0:0062023 Collagen-containing extracellular matrix 78 —39.32488302
GO-CC GO:0005604 Basement membrane 19 —-10.59951975
GO-CC GO0:0009925 Basal plasma membrane 31 —-10.86977218
GO-CC GO0:0045178 Basal part of cell 32 -10.73700728
GO-CC GO0:0016324 Apical plasma membrane 33 —8.077582844
GO-CC G0:0016323 Basolateral plasma membrane 25 —7.924146313
GO-CC GO0:0045177 Apical part of cell 33 —6.34597235
GO-CC GO:0005788 Endoplasmic reticulum lumen 34 —10.5358279
KEGG hsa05200 Pathways in cancer 34 —7.886282462
KEGG hsa04512 ECM-receptor interaction 13 —6.26998335
KEGG hsa05222 Small cell lung cancer 12 —5.344009642
KEGG hsa04151 PI3K-Akt signaling pathway 27 —4.82752548
KEGG hsa04510 Focal adhesion 18 —4.762382993
KEGG hsa04610 wComplement and coagulation cascades 13 —6.463857278
KEGG hsa05202 Transcriptional misregulation in cancer 20 —5.757301432
KEGG hsa04514 Cell adhesion molecules (CAMs) 16 -5.427136835
KEGG hsa04530 Tight junction 13 —2.914652686
KEGG hsa05205 Proteoglycans in cancer 19 -4.7636935

GO - gene ontology, DEGs — differentially expressed genes, BP — biological process, CC — cellular component, MF — molecular function, KEGG — Kyoto Ency-
clopedia of Genes and Genomes, THCA — thyroid carcinoma sample, N — solid tissue normal samples
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Fig. 3. Gene set enrichment analysis (GSEA). A) The ridge plot for top 20 GO-BP terms assembled by DEGs between
the THCA group and N group. B) The ridge plot for the top 20 KEGG pathways enriched by DEGs between the THCA
group and N group. C) The GSEA plot for the top 20 GO-BP terms assembled by DEGs between the THCA group and
N group. D) The GSEA plot for the top 20 KEGG pathways enriched by DEGs between the THCA group and N group

GSEA investigation

The GSEA on the TCGA dataset showed that GO-BP
functions such as muscle tissue development, cell fate
commitment, and organic acid catabolic process were out-
standing between the THCA group and N group (Fig. 3A).
Moreover, KEGG pathways such as propanoate metabo-
lism, lysine degradation, and valine leucine and isoleucine
degradation were outstanding between the THCA group
and N group (Fig. 3B). The result of the GSEA plot anal-
ysis for significant GO functions and KEGG pathways is
shown in Figure 3C and 3D, respectively. Detailed infor-
mation for significant GO functions and KEGG pathways
in GSEA is listed in Table 2.

A PPI network was constructed based on 802 DEGs.
Then, according to MCODE, the module with a score > 10
in the PPI network was selected (Fig. 4A). Finally, the top
20 hub genes including FNI, CD44, TGFB1, MMP?7,

208

CTGF,TIMP1,CCNDI,JUN, CXCL12, SNAII, etc., were
revealed to play important roles in THCA (Fig. 4B). Then,
these genes were mainly assembled in GO functions such
as collagen-containing extracellular matrix (genes: FNI,
TGFBI, etc.) and KEGG pathways including PI3K-Akt
signaling pathway (genes: FNI, CCND1, etc.) (Fig. 4C, D).

Integrated analysis for hub genes

The hierarchical clustering analysis on hub genes
showed that the sample in the THCA group was clustered
into one class, while samples in the N group were clustered
into the other class (Fig. 5SA). Then, with log rank p < 0.01,
a total of 5 potential prognostic genes — CCNDI, CD44,
LGALS3, MET, and SNAII — were revealed. In detail,
the high-expression group of CCNDI, CD44, LGALS3,
and MET had a better prognosis than the low-expres-
sion group (Fig. 5B-E), while the low-expression group

Central European Journal of Immunology 2023; 48(3)
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Table 2. Significant GO functions and KEGG pathways of 802 DEGs between THCA group and N group revealed by

GSEA
Category Enrich function NES Enrichment score P value
GO-BP GOBP_MUSCLE_TISSUE_DEVELOPMENT -1.599794557 -0.441283687 0.001605136
GO-BP GOBP_CELL_FATE_COMMITMENT —-1.423063591 -0.403302478 0.001607717
GO-BP GOBP_ORGANIC_ACID_CATABOLIC_PROCESS —-1.549127148 -0.437966051 0.001631321
GO-BP GOBP_CILIUM_ORGANIZATION -1.655984857 —-0.45417081 0.001633987
GO-BP GOBP_RESPONSE_TO_TOXIC_SUBSTANCE —-1.529694591 —-0.437420718 0.001647446
GO-BP GOBP_HORMONE_METABOLIC_PROCESS —-1.522392008 —0.437949335 0.001650165
GO-BP GOBP_CELLULAR_RESPONSE_TO_INORGANIC_SUBSTANCE = -1.464747918 —-0.422384377 0.001675042
GO-BP  GOBP_CILIUM_OR_FLAGELLUM_DEPENDENT_CELL_MOTILITY -1.664719811 —0.51298729 0.001677852
GO-BP GOBP_MONOCARBOXYLIC_ACID_CATABOLIC_PROCESS -1.638256063 —0.499854775 0.001680672
GO-BP GOBP_SPECIFICATION_OF_SYMMETRY —-1.502863498 —-0.462690787 0.001680672
KEGG KEGG_PROPANOATE_METABOLISM -1.855292915 —-0.702977709 0.001805054
KEGG KEGG_LYSINE_DEGRADATION —-1.773557929 —-0.639112156 0.001808318
KEGG KEGG_VALINE_LEUCINE_AND_ISOLEUCINE_DEGRADATION -1.802556641 —-0.649562015 0.001808318
KEGG KEGG_ASCORBATE_AND_ALDARATE_METABOLISM —1.86958484 —0.844818805 0.001904762
KEGG KEGG_RIBOSOME 1.682670647 0.534726325 0.002178649
KEGG KEGG_ECM_RECEPTOR_INTERACTION 1.990670498 0.639992427 0.002207506
KEGG KEGG_P53_SIGNALING_PATHWAY 1.845662977 0.617418487 0.002252252
KEGG KEGG_CELL_ADHESION_MOLECULES_CAMS 1.701888673 0.51371785 0.002267574
KEGG KEGG_FOCAL_ADHESION 1.663821155 0.475788524 0.002293578
KEGG KEGG_LEUKOCYTE_TRANSENDOTHELIAL_MIGRATION 1.589647722 0.487714813 0.002293578

DEGs — differentially expressed genes, KEGG — Kyoto Encyclopedia of Genes and Genomes, GO — gene ontology, BP — biological process, THCA — thyroid

carcinoma sample, N — solid tissue normal samples

of SNAII had a better prognosis than the high-expression
group (Fig. 5F). Moreover, the ROC analysis showed that
the AUC values for all 20 hub genes were larger than 0.7.
Importantly, the AUC in CCNDI, MET, DCN, and KIT
was larger than 0.9, indicating a good predictive ability
of these potential prognostic genes (Fig. 6A-D). Further-
more, the mutation analysis showed that most of the mu-
tations were deep deletions, in which PLAU and CXCL12
were the two genes with the highest mutation frequency
(Fig. 7A). Meanwhile, the box plot of mRNA and CNA
showed that the mRNA values corresponding to Diploid
and Gain were the largest (Fig. 7B), but the mRNA and
methylation scatter plots showed opposite trends (Fig. 7C).
Finally, the KEGG pathway map corresponding to
gene mutation showed that MET and KIT participated
in the RTK-RAS pathway, and CCND1 participated in
the cell cycle pathway (Fig. 7D).

Immune cell infiltration and its correlation
with hub genes
The expression of 20 hub genes in 22 immune cell

types showed that immune cells were clustered into two
categories: dendritic cells activated, macrophages M1,

Central European Journal of Immunology 2023; 48(3)

dendritic cells resting, mast cells resting, plasma cells,
and T cells regulatory. Tregs, monocytes, and MO macro-
phages were significantly positively correlated with PLAU,
TIMP1, ICAMI, TGFBI, LGALS3, FNI1, MET, COLIAI,
MMP7, POSTN, CCND1, and CD44, while the other im-
mune cells showed the opposite trend (Fig. 8A). Further-
more, the results of heatmap analysis showed that dendrit-
ic cells resting had a significant negative correlation with
CD4 memory resting T cells; monocytes were negatively
correlated with dendritic cells, resting, plasma cells, M1
macrophages and gamma delta T cells; mast cells resting
showed a negative correlation with NK cells activated and
mast cells activated. There was a significant positive cor-
relation between mast cells resting and MO macrophages.
Meanwhile, there was a significant positive correlation be-
tween B cells naive and mast cells activated (Fig. 8B). Fur-
thermore, the box plot of immune cell infiltration showed
that compared with normal samples, the cell infiltration in
monocytes, MO macrophages, dendritic cells resting, M1
macrophages, dendritic cells activated, dendritic cells rest-
ing and mast cells resting was more significant in disease,
while memory B cells, follicular helper T cells, y5 T cells,
NK cells activated, eosinophils and mast cells activated
cell infiltration was relatively low (Fig. 8C).

209



Keju Xie

NR4A1 EGR3

IER2
NR4A3 EGR2 COi1A
IRS1
LCN2 PPP1R15A
puspr  FOSB RN
Hpe NID1
TGFB1
<LF6 L BMP2 | amB3 TNFRSF11B
COND1 FBLN1
ICAM1
cxacLi CTGF
FGFR2 cpa4 co151 MEARS
PLSE: PROM1 BMP1 2
COL8A2
cOH2  comp s
NCAM1
coL8A1 FBLNS
ITGB4 COL9A3
CoLE P4HA2
GO0:0062023: Collagen-containing extracellular matrix
GO0:0070372: Regulation of ERK1 and ERK?2 cascade
GO0:0005178: Integrin binding
ko04151: PI3K-Akt signaling pathway
GO0:0048514: Blood vessel morphogenesis
GO0:0030155: Regulation of cell adhesion
GO0:0048660: Regulation of smooth muscle cell proliferation
GO0:0050673: Epithelial cell proliferation
hsa05200: Pathways in cancer
GO:0007369: Gastrulation
G0:0010035: Response to inorganic substance
ko05205: Proteoglycans in cancer
GO0:0001667: Ameboidal-type cell migration
GO:0000302: Response to reactive oxygen species
G0:0005539: Glycosaminoglycan binding
GO0:0030335: Positive regulation of cell migration
GO0:0001228: DNA-binding transcription activator activity, RNA polymerase II specific
ko04933: AGE-RAGE signaling pathway in diabetic complications
GO:0000904: Cell morphogenesis involved in differentiation
: GO0:0051098: Regulation of binding
5 10 15 20 25
-log10 (P)
D
B Collagen-containing extracellular matrix
B Regulation of ERK1 and ERK2 cascade
M Integrin binding
Il PI3K-Akt signaling pathway
I Blood vessel morphogenesis
Regulation of cell adhesion
B Regulation of smooth muscle cell proliferation
[ Epithelial cell proliferation
[ Pathways in cancer

Gastrulation

Response to inorganic substance
Proteoglycans in cancer
Ameboidal-type cell migration
Response to reactive oxygen species
Glycosaminoglycan binding
Positive regulation of cell migration

DNA-binding transcription activator activity, RNA poly
AGE-RAGE signaling pathway in diabetic complicatic

Cell morphogenesis involved in differentiation
Regulation of binding

Fig. 4. Protein-protein interaction (PPI) network and module analysis. A) A module with a score > 10 was extracted
from the PPI network; the nodes represent genes: the larger the node, the higher the score; the line between two nodes
represents an interaction. B) The top 20 hub genes explored from the module; the redder color means higher connectivity.
C, D) The functional enrichment network of modular genes: the different colors represent different items of functions
or pathways

210

Central European Journal of Immunology 2023; 48(3)



IHIII A
[L[I I‘\ ||“
”h/llﬂ

i, W b

I# ] | \II ]II | \

Type 2
1 CXCLI2

Q
@]
Z
S}
(=]

-2

4

I| ICAMI
’ FN1 lN
| (00FL IRYC . MET T
| |. .|| Il[ {I1| TI[K l. PLAU
0 [N | TIMP1
1 S 1 | LGALS3
LA AN LI | CD44
[| ﬁ (] TGFBI
{1110 T CCND1
C CC44
0.75 1
=y
= = Risk status = High
-§ =~ Risk status = Low
& 0.501
=
>
5
=
90]
0.25 1
p=0.09
O .
0 50 100 150 200
Time (months)
E  MET
1.00 1 W
0.75
&
E -~ Risk status = High
-§ - Risk status = Low
& 0.50 1
=
=
»
S
=
v
0.25
p=0.051
0
0 50 100 150 200

Time (months)

Survival probability

D

Survival probability

Survival probability

1.00 |

0.75 -

0.50 1

0.25 1

1.00 A

0.75 1

0.50 1

0.25 1

1.00

0.75

0.50

0.25

A bioinformatics analysis for THCA

—+ Risk status = High

=~ Risk status = Low

p=0.058
0 50 100 150 200
Time (months)
LGALS53
—+ Risk status = High
-~ Risk status = Low
p=0.05
0 50 100 150 200
Time (months)
SNAIl
-~ Risk status = High
=+ Risk status = Low
p =0.00094
0 50 100 150 200

Time (months)

Fig. 5. Survival analysis for 20 hub genes. A) The hierarchical clustering map for all 20 hub genes: the red block rep-
resents up-regulated genes, while the blue block represents down-regulated genes. B-F) The KM plot for the potential
prognostic genes including CCND1, CD44, LGALS3, MET, and SNAII: the red line represents high risk, while the blue

line represents low risk. N —

normal, T — thyroid cancer




Keju Xie

A o]

Sensitivity

-CDH2 AUC = 0.8412
—— COLIAI AUC = 0.7467
—— PLAU AUC = 0.8731
— ICAMI AUC = 0.838
g —— FOS AUC = 0.8203

T T T T T
0 0.2 0.4 0.6 0.8 1.0

1-Specificity

Sensitivity

/ - POSTN AUC =0.7751
—— LGALS3 AUC =0.8592

0.2 - S/
— MET AUC = 0.9017

S ——DCN AUC =0.9131
yd — KIT AUC =0.9215

1 T I I T T
0 0.2 0.4 0.6 0.8 1.0

1-Specificity

B
&
z
z
=
%
197
—— TIMP1 AUC = 0.8722
02 —— CCNDI AUC = 0.9637
—— JUN AUC = 0.8489
—— CXCL12 AUC =0.8487
04 SNAIl AUC =0.894
T | T | T T
0 0.2 0.4 0.6 0.8 1.0
1-Specificity
D

Sensitivity

——FN1 AUC = 0.8905
CD44 AUC =0.8989

0.2 H
——TGFB1 AUC =0.8911
——MMP7 AUC =0.7276
0 - -CCN2 AUC =0.7745

-~ T T T | |
0 0.2 0.4 0.6 0.8 1.0

1-Specificity

Fig. 6. Results of the receiver operating characteristic curve (ROC) analysis. A-D) The Kaplan-Meier (KM) survival
analysis based on a single hub gene: the different colors represent different genes

GSVA investigation

GSVA was performed based on all GO functions
and KEGG pathways to explore the functions of prog-
nostic genes in high- and low-risk groups with p < 0.05
and llog,FCIl > 0.5. The results showed that a total of
20 GO-BPs including the semaphorin plexin signaling
pathway involved in axon guidance and the semaphorin
plexin signaling pathway involved in neuron projection
guidance were significantly different between the two
groups (Fig. 9A). Moreover, a total of 20 GO-MFs such as
alcohol dehydrogenase and p plus activity, and semaphorin
receptor activity were significantly different between
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the two groups (Fig. 9B). In addition, a total of 20 GO-CC
including semaphorin receptor complex and postsynaptic
specialization intracellular component were significantly
different between the two groups (Fig. 9C). Furthermore,
a total of 19 KEGG pathways such as the Notch signaling
pathway and p53 signaling pathway were significantly dif-
ferent between the two groups (Fig. 9D).

Discussion

Thyroid cancer is the most common malignant tumor
that frequently has genetic alterations leading to the acti-
vation of certain signaling pathways [30]. In this study,

Central European Journal of Immunology 2023; 48(3)
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we successfully identified 802 DEGs and explored their
biological functions through enrichment analyses. Addi-
tionally, we identified 20 hub genes, including FNI, CD44,
TGFBI, MMP7, CTGF, TIMP1, CCNDI, JUN, CXCLI12,
SNAII, and others that may play essential roles in thyroid
cancer development and progression. Notably, CCNDI1,
MET, DCN, and KIT showed good prognostic predictive
ability. We also analyzed the correlation between hub
genes and immune cell infiltration.

Previous studies have demonstrated the importance
of lysine in human cancer, with evidence suggesting that
it increases survival and reduces metastasis [31]. Chen et
al. reported that lysine degradation (carnitine) occurred in
patients with liver cancer, potentially contributing to cancer
progression [32]. Overexpression of lysine 27 is associated
with aggressiveness and dedifferentiation of THCA [33],
and lysine metabolism has been found to play a crucial role
in THCA development by influencing methylation and gene
expression [34]. In addition to the role of lysine, cell cycle
pathway genes have been implicated in thyroid carcinoma
progression [35]. Cyclin-dependent kinases, activated by
cyclins such as CCND1 (cyclin D1), facilitate cell cycle
progression [36]. Wang et al. showed that the up-regulation
of CCND1 in the cell cycle pathway might play a vital role
in tumor progression and may have prognostic significance
in THCA [37]. The variant of the CCDN1 gene may be
a susceptibility low penetrance allele in the development
of papillary THCA [38]. A previous study indicated that
mutations of CCND1, which probably render the protein
insensitive to degradation, represent a previously unre-
ported mechanism of cyclin D1 overexpression in human
tumors in vivo [39]. In the current study, the GSEA investi-
gation showed that lysine degradation was one of the most
significant pathways enriched by DEGs between the THCA
group and normal groups. Simultaneously, the mutation
analysis showed that hub genes, such as CCND1, alternated
in THCA via participating in the cell cycle pathway. Based
on these findings, we speculated that lysine degradation
might be associated with THCA development, and muta-
tion of CCND1 could contribute to THCA progression by
participating in the cell cycle pathway.

Effective diagnosis and prognosis are very important
for the clinical intervention of THCA [40]. Biomarkers, in-
dicators that can be measured objectively, can be helpful
in the diagnosis and prognosis of human cancers including
THCA [41]. CD44 (CD44 molecule) is a broadly distributed
cell surface protein. A previous study showed that THCA ex-
hibits specific patterns of aberrant alternative CD44 splicing,
distinguishing them from histologically normal thyroid tissue
[42]. Reduced CD44 standard expression is associated with
tumor recurrence and unfavorable outcomes in THCA [43].
SNAII (Snail Family Transcriptional Repressor 1) binds to
specific target genes and functions as transcriptional repres-
sors in cancer [44]. A previous study indicated that the ex-
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pression of SNAII is associated with lymph node metastasis
in THCA [45]. A recent study showed that SNAI1 can be
used as a prognostic biomarker for determining prognosis
and immune infiltration in gastrointestinal cancers [46].
Furthermore, KIT (KIT Proto-Oncogene, Receptor Tyrosine
Kinase) is a gene playing a key role in intracellular signaling
during cancer [47]. Wang et al. proved that KIT was one
of the genes in the most significant cluster constructed by
DEGs between normal thyroid tissue samples and THCA
samples, which could be used as a potential diagnostic gene
for THCA [48]. Survival analysis showed that the overex-
pression of CD44 and suppression of SNAII contributed
to the favorable and unfavorable outcomes of patients with
THCA, respectively. Furthermore, the diagnostic analysis
showed that the AUC of KIT in THCA was larger than 0.9.
Thus, we speculated that CD44 and SNAI1 might be used as
novel prognostic genes of THCA, while KIT could be used
as a potential diagnostic gene for THCA.

Several studies have shown that immune infiltration
plays an essential role in tumorigenesis, progression, and
response to treatment in THCA. Infiltrating immune cells in
the tumor microenvironment of thyroid cancer can include
various cell types such as T cells, B cells, macrophages, and
natural killer (NK) cells [49]. These immune cells can ex-
hibit both pro-tumor and anti-tumor effects, depending on
the specific cell types, their activation states, and the interac-
tions between the cells. For instance, tumor-infiltrating lym-
phocytes (TILs), particularly CD8* cytotoxic T cells, have
been associated with a better prognosis in THCA patients
[50]. On the other hand, Tregs within the tumor microen-
vironment can suppress the anti-tumor immune response,
promoting tumor growth and progression [51]. In addition,
tumor-associated macrophages are another critical compo-
nent of the immune microenvironment in thyroid cancer.
The balance between M1/M2 macrophage phenotypes can
impact the overall outcome in cancer [52]. It has been proved
that the soluble glycoprotein NMB produced by macrophage
cells induces cancer stemness and metastasis via CD44 [53],
which indicates a close relation between CD44 and macro-
phage cells in cancer. Our findings revealed that the identi-
fied hub genes were significantly positively related to Tregs,
monocytes, and macrophages, which may provide new in-
sights into immunotherapy for THCA.

In conclusion, lysine degradation might be associ-
ated with the development of THCA. CCND1 mutation
might play a role in THCA progression by participating
in the cell cycle pathway. Furthermore, CD44 and SNAI1
could serve as novel prognostic markers for THCA, while
KIT might be a potential diagnostic gene for THCA. How-
ever, this study has a limitation due to the lack of verifi-
cation analysis for the proposed prognostic and diagnostic
genes. Therefore, additional research should validate these
genes prospectively. The results of this study may con-
tribute to the identification of novel potential biomarkers
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for the differential diagnosis, prognosis, and development
of drug targets in THCA.
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