
Page 1/42

A Risk Assessment Model for Prognosis Prediction:
The Ferroptosis-related Gene Signature Based on
Thyroid Cancer Mechanism Exploration from
Multiple Perspectives
Xin Fan 

Department of Otolaryngology Head and Neck Surgery, The First A�liated Hospital of Nanchang
University
Yun Zhong 

The First Clinical Medical College of Nanchang University
Yating Fan 

The First Clinical Medical College of Nanchang University
Lingling Zhang 

School of Stomatology, Nanchang University
Fei Xie 

Department of Otolaryngology Head and Neck Surgery, The First A�liated Hospital of Nanchang
University
Zhi-yuan Zhang  (  zzyent@126.com )

Department of Otolaryngology Head and Neck Surgery, The First A�liated Hospital of Nanchang
University

Research Article

Keywords: Thyroid cancer, Ferroptosis, Prognosis, Gene signature, tumor microenvironment, The Cancer
Genome Atlas database

Posted Date: March 22nd, 2022

DOI: https://doi.org/10.21203/rs.3.rs-1464127/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-1464127/v1
mailto:zzyent@126.com
https://doi.org/10.21203/rs.3.rs-1464127/v1
https://creativecommons.org/licenses/by/4.0/


Page 2/42

Abstract
Background: Ferroptosis is an iron-dependent, new type of programmed cell death different from
apoptosis, necrosis, and autophagy. At present, ferroptosis has been con�rmed to be closely related to the
prognosis and treatment of cancer. However, the relationship between ferroptosis and the progression
and prognosis of different types of thyroid cancer (THCA) is unclear.

Methods: First, we performed differential expression analysis on the data of the two databases to obtain
differentially expressed ferroptosis-related genes (DE-FRGs). Through differential expression, univariate
Cox and lasso regression analysis, we identi�ed 14 prognostic-related differently expressed ferroptosis-
related genes (PR-DE-FRGs) for building risk assessment models. Subsequently, various validation
methods are used to test the performance of the model. Then, we explored the mechanism of ferroptosis
in the development and prognosis of THCA from the aspects of gene set enrichment analysis (GSEA),
tumor microenvironment (TME), high frequency gene mutation, cell stemness and AL928654.4/miR-
1287-5p/GPX4 regulatory axis. Finally, we veri�ed the promising clinical application of the model.

Results: ANGPTL7, DRD4, SRXN1, TXNRD1, CDKN2A, MIOX, PGD and TFRC (HR>1) were identi�ed as
prognostic risk factors, whereas CAPG, GPX4, ARNTL, ISCU, BID and DPP4 (HR<1) were the opposite.
Immunohistochemical (IHC) images and Gene Expression Omnibus (GEO) data validated differential
expression of 7 and 12 PR-DE-FRGs, respectively. Through the study of the tumor microenvironment, we
obtained the immune landscape of THCA and revealed to us that ferroptosis may in�uence the prognosis
of THCA patients by affecting anti-tumor immunity. Subsequently, we found that the predicted and
validated AL928654.4/miR-1287-5p/GPX4 regulatory axis may play an important role in regulating
cancer cell apoptosis and ferroptosis. Finally, immunophenoscore, chemotherapeutic drug sensitivity
analysis, ICIs related genes, and Nomogram were performed to prove the good clinical application
prospects of the risk assessment model.

Conclusion: The risk assessment model can effectively predict the treatment effect and prognosis of
THCA patients, and achieve the effect that can guide clinical treatment. Ferroptosis may be involved.

Introduction
Thyroid cancer (THCA) is the most frequent malignancy of the thyroid. THCA accounts for 3.0% (586,202
cases) of newly diagnosed cancer cases worldwide in 2020 and ranks ninth in cancer incidence in 2020.
The incidence of females is relatively high, and males to females ratio of 1:3.3[1]. The national mortality
is meager (< 2%) in both men and women with THCA [2]. However, both incidence and mortality of THCA
have continued to rise in recent years [3]. The etiologies of THCA are unclear, and the only well-
established risk factor is ionizing radiation [4]. The increase in ionizing radiation due to the rise in
diagnostic imaging methods contributes to the rapid growth in THCA in recent years [5, 6].

Currently, surgery is the mainstay treatment for THCA [7]. However, extensive studies have shown that the
clinical outcomes in the thyroid lobectomy and the total thyroidectomy groups were similar, and there
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was no signi�cant difference in patient survival [8–10]. After surgery, some patients need to be
supplemented with endocrine therapy according to the patient's prognostic status, and comprehensive
treatment including radiotherapy and chemotherapy should be selected if necessary. Considering the
limitations of THCA treatment strategies, �nding new therapeutic interventions for THCA is essential. This
study con�rmed that the risk score is signi�cantly related to the immunophenoscore (IPS), the expression
level of immune checkpoint inhibitors (ICIs)-related genes, and the half-maximal inhibitory concentrations
(IC50) of chemotherapy drugs. The risk assessment model can effectively predict chemotherapy agents'
sensitivity and effect. Stem cell characteristics can reveal novel targets for anti-cancer therapy[11][12].
Hence, evaluating the relationship between the risk assessment model and the features of tumor stem
cells is bene�cial for developing THCA treatment.

In recent years, targeting the ferroptosis of tumor cells has become a hot topic. Ferroptosis is an iron-
dependent, new type of programmed cell death different from apoptosis, necrosis, and autophagy [13].
The primary mechanism of ferroptosis is severe lipid peroxidation, which depends on the generation of
reactive oxygen species (ROS) and the participation of intracellular iron [13, 14]. Ferroptosis is gradually
accepted as an adaptive feature that eliminates malignant cells. It plays a pivotal role in suppressing
tumor formation by removing insu�cient cells in critical nutrients in the environment or damaged by
infection or environmental stressors [15]. Ferroptosis is expected to become a novel treatment for
inducing cell death for resistant tumors to traditional therapies[16, 17]. Ferroptosis involves complex
biochemical reactions involving different genes' expression, regulation, and signal systems. For example,
Erastin[13, 18] RSL3 [19], Lanperisone [16, 20], SAS [13, 16, 21], glutamate [13, 16], and so on can induce
ferroptosis in tumor cells. In recent years, although some studies have aimed to explore the mechanism
of ferroptosis-related genes (FRGs) in THCA, there is a shortage of whole-genome analysis of ferroptosis-
related miRNA and lncRNA, especially analysis based on high-throughput sequencing. In the �rst few
years of discovering ferroptosis, several studies focused on glutathione metabolism to investigate the
mechanism of ferroptosis. Therefore, the ability of GPX4 to prevent the accumulation of lipid peroxides
has also received extensive attention [14, 22–24].

For this reason, we hope to explore the regulation mode of GPX4-related ceRNAs, one of the prognostic-
related differently expressed ferroptosis-related genes (PR-DE-FRGs), in the occurrence, development, and
prognosis of THCA to contribute a unique perspective for transcriptome research and resolve some
academic phenomena more comprehensively and in-depth. To gain insight into the biochemical reactions
related to ferroptosis from thyroid cancer, we used gene set enrichment analysis (GSEA) to investigate the
biological processes and pathways of PR-DE-FRGs. Gene Ontology (GO) analysis found that immune-
related biological processes and pathways are enriched, so we further reveal the relationship between the
risk assessment model and the tumor microenvironment (TME). Numerous studies show that ferroptosis
is associated with RAS gene mutations [13, 25]. Studying the relationship between risk score and RAS
mutations in thyroid cancer is crucial in studying ferroptosis. At the same time, we analyzed the mutation
characteristics of PR-DE-FRGs. And through immunohistochemical (IHC) staining to verify the difference
of PR-DE-FRGs protein expression between thyroid cancerous and normal tissues. Clinically, there is a
need for decision support tools that can easily predict patients' 1-, 3-, and 5-year overall survival. A single
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independent prognostic factor has low accuracy in predicting the prognosis of patients. Nomogram has
been widely employed to predict cancer's overall survival at 1-, 3-, and 5-years [26]. Therefore, we used
factors (age, stage, gender, and risk score) that may affect the prognosis to build a Nomogram for
predicting thyroid cancer's 1-, 3-, and 5-year overall survival.

Collectively, in this study, we established a risk assessment model related to ferroptosis, deeply analyzed
the mechanism of ferroptosis in THCA, and �nally explored the possibility of this model being widely
used in clinical practice.

Methods

Data collection and DE-FRGs extraction
We follow the methods of our previous research[27] in writing the methodology section of this article. On
April 1, 2021, we downloaded the RNA sequence data and relevant clinical data of 510 THCA samples
and 58 adjacent normal samples from the TCGA database. The list of FRGs used in this article came
from the FerrDb database[27]. Differently expressed ferroptosis-related genes (DE-FRGs) between
adjacent non-tumor tissue and tumor tissue were determined by the R package "limma" with an FDR < 
0.05.

Establishment of the regulatory network and risk
assessment model
The data in the TCGA database was screened, and we retained 501 samples with complete overall
survival (OS) and RNA-seq data. 15 PR-DE-FRGs screened out by univariate Cox analysis. The 501
samples were randomly allocated to the training set (n = 301) and the test set (n = 200) at a ratio of
6:4[27]. To screen out highly relevant genes and minimize the adverse effects of over�tting of selected
features, we performed the lasso regression analysis on the expression values of 15 PR-DE-FRGs in the
training group to predict the clinical e�cacy of THCA cases accurately. A risk assessment model based
on 14 PR-DE-FRGs was constructed by choosing the best Lasso penalization parameter (λ) determined by
the smallest k-fold cross-validation with K = 10. (Supplementary Figure S1 C-D). The sample's risk score
was calculated according to the expression level of each PR-DE-FRGs, and the coe�cient obtained in the
lasso regression algorithm. Risk score equation:

We used the STRING database to construct a PPI network based on 14 PR-DE-FRGs. The R package
"reshape2", "psych", "RColorBrewer", and "igraph" were used for correlation analysis of 14 genes and
visualization of related networks[27]. The establishment of the correlation network diagram was based
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on 13 associated genes. Similarly, the establishment of PPI was established on 12 genes that interact
with other genes. In addition, the Kaplan-Meier survival curve was used to analyze the relationship
between the expression of 14 genes and OS in the model.

Evaluation of Risk assessment model
By calculating the risk scores of the training/test/whole sets separately, each group of samples was
divided into a high-risk group and a low-risk group based on the median value of the risk score. We
performed the R package "survival" and "survminer" to perform the Kaplan-Meier test to identify the
difference in survival between the high-risk and the low-risk groups[28]. The multivariate receiver
operating characteristic (ROC) curve was used to verify the model's ability to predict prognosis and
assess whether it has more predictive value than other single prognostic factors. According to the
expression of genes in the model, the "prcomp" function of the R package "stats" was used to perform
principal component analysis (PCA) to explore the distribution of different risk populations[29]. Finally,
we performed univariate and multivariate Cox regression analysis to test whether the risk assessment
model can be an independent predictor of prognosis.

Strati�ed analysis
To assess whether each clinical feature is related to the risk score, we compared the differences in risk
scores between the different subtypes of each clinical feature and visualized the corresponding results in
boxplots. Kaplan-Meier test was used to evaluate the model's capability to foretell OS in each subgroup
of different clinical characteristics.

Gene set enrichment analysis
Based on the PR-DE-FRGs between the high-risk and low-risk groups, GSEA was performed using Kyoto
Encyclopedia of Genes and Genomes (KEGG) Pathways and GO functions[30]. Select
"c2.cp.kegg.v7.4.symbols.gmt" and "c5.go.v7.4.symbols.gmt" as the gene set database. Normalized
enrichment score (NES)was calculated by setting the permutation value to 1000, and signi�cant
enrichment pathways and functions were screened using a P-value < 0.05 or an FDR Q value < 0.05 [31].
The R package "GSVA" was used for GSEA.

The relationship between risk assessment model and tumor
microenvironment
We used the R package "estimate" to calculate each sample's immune cell score and stromal cell score
and analyze the difference in immune cell score and stromal cell score between the high-risk and low-risk
groups. Spearman correlation analysis was used to determine the correlation between risk score and the
immune cell score or stromal cell score. The single-sample gene set enrichment analysis (ssGSEA) based
on the R packages "GSEABase" and "GSVA" was used to quantify the scores[32] of 16 immune cells and
13 immune functions. Similarly, Spearman correlation analysis evaluated the correlation between each
immune cell, immune function, and risk score. Based on the risk assessment model, the difference
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analysis of different risk groups' immune cell scores and immune function scores was carried out, and
boxplots were drawn.

Stemness Features of THCA
We downloaded the accurately calculated tumor cell stemness index (mDNAsi) from related research.
The stemness index in the study was calculated according to the one-class logistic regression (OCLR)
algorithm, which was trained on stem cell types (ESC: embryonic stem cells; iPSC: induced pluripotent
stem cells) their differentiated ectoderm, mesoderm, and endoderm progenitor cells [1]. Apply OCLR-
based methylation data to TCGA data set to calculate mDNAsi. Each mDNAsi ranges from low (zero) to
high (one)[33]. To explore the correlation between the predictive model and mDNAsi, we used Spearman
correlation analysis to determine the correlation between risk score and mDNAsi. We used the Wilcoxon
rank-sum test to compare mDNAsi differences between high-risk and low-risk groups. In addition, the
Wilcoxon rank-sum test was used to compare further the differences in mDNAsi among different
subgroups of clinicopathological characteristics.

Gene mutation and tumor mutational burden analysis
Obtain the genetic mutation data of THCA samples and the relevant clinical data from TCGA database.
The integrated data was used to analyze the association between gene mutations and risk score models.
Use the R package "GenVisR" to visualize the 20 most frequently mutated genes[34] in the high-risk and
low-risk groups, respectively. The R package "maftools" was used to calculate TMB, de�ned as the
number of somatic non-synonymous mutations in a speci�c genomic region[35]. It was usually
expressed as the number of modi�cations per megabase (mut/Mb)[35]. To explore the predictive effect of
TMB on the prognosis of patients, we divided the samples into high TMB and low TMB groups. We
performed Kaplan-Meier survival analyses on the two groups. According to the mutation status of NRAS
or HRAS, THCA samples were divided into the wild and mutant groups. To explore the association
between ferroptosis and RAS (NRAS and HRAS) mutations, we compared the difference in risk scores
between the RAS mutant group and the RAS wild group. Not only that, but Kaplan-Meier survival analysis
was used to compare differences in OS.

The clinical utility of the risk assessment model
Obtain the corresponding IPS data of THCA samples from The Cancer Immunome Atlas (TCIA) database.
The main immunological measures determining immunogenicity were effector cells, immunosuppressive
cells, major histocompatibility complex (MHC) molecules, and selected immunomodulators. Calculate the
expression levels of these four to acquire the patient's IPS. Spearman correlation analysis was used to
detect the correlation between the risk score and the expression of 3 types of IPS and 8 ICIs-related genes
(CD274/PDL1, CD40, CTLA4, PDCD1/PD1, CD96, TIGIT, LAG3, and HAVCR2)[27]. Then use the R package
"ggplot2" to visualize the analysis results. The ridge regression model was constructed using the cell line
expression data in the Genomics of Drug Sensitivity in Cancer (GDSC) and the RNA sequence data in the
TCGA database. We used the R package "pRophetic" to predict the IC50 of the �ve chemotherapy drugs
(sorafenib, Axitinib, mesylate, pazopanib, and sunitinib) recommended by the National Comprehensive
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Cancer Network (NCCN) guidelines in the high-risk and the low-risk group[27]. Then we analyzed the IC50
difference between the two groups. Eventually, Spearman correlation analysis was used again to evaluate
the correlation between the risk scores of the �ve chemotherapeutic drugs and IC50.

Establishment and veri�cation of Nomogram
Clinically, an operational decision aid tool was needed. Nomogram is one of the best choices and is
widely used to predict cancer's 1, 3, and 5-year overall survival [26]. Integrate the risk score and other
factors that may affect survival (age, stage, gender), and use the R package "rms" to build a multi-factor
cox regression model to create a Nomogram. To determine the accuracy of the predicted value of the
Nomogram compared to the actual value, we drew calibration curves. Finally, to understand the
independent predictive power of the Nomogram on the prognosis of THCA, we drew ROC curves of 1-, 3-,
and 5-year.

Immunohistochemistry assay
To further check the differential expression of the 14 genes used to build the model between thyroid
cancer and normal thyroid tissue, we used the results of IHC staining from the Human Protein Atlas (HPA)
database. Finally, we obtained immunohistochemical images of the protein expression of 11 genes in
thyroid cancer and normal thyroid tissues.

Differential expression veri�cation of PR-DE-FRGs based on
external cohort
On September 5, 2021, we downloaded the external cohort data from the Gene Expression Synthesis
(GEO) database. The RNA sequencing data of 82 samples from the GSE33630 cohort (78 THCA And 4
normal thyroid tissues) was used to verify the differential expression of the 14 PR-DE-FRGs used to
construct the model. The R package "limma" was used to analyze the differential expression of 14 PR-DE-
FRGs between THCA tissue and adjacent normal tissues for creating the model, according to | log2FC |>0
and FDR < 0.05[27]. And we showed the differential expression of these PR-DE-FRGs through heat map
and volcano map.

Discovery and verify the ceRNA regulatory network related
to GPX4
To explore gene functions and regulatory mechanisms at a deeper level, we selected GPX4 in the model
to predict and verify the complete ceRNA regulatory axis. To con�rm the differential expression of GPX4
between the cancerous and normal groups, we downloaded the RNA-seq data of 18 common cancers
from the UCSC Xena database. Gene Expression Pro�ling Interactive Analysis (GEPIA) is a network tool
server for cancer and normal gene expression pro�ling and interactive analysis [36], which was used to
verify further the survival difference on the expression of GPX4 in THCA. Subsequently, the miRNA
expression data of 514 THCA and 59 adjacent noncancerous tissues were obtained from the TCGA
database. After obtaining the mature miRNA �les from mirbase for annotating, we received the miRNA
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expression matrix of these samples. Run multiple target gene prediction programs (including PITA,
RNA22, miRmap, microT, miRanda, PicTar, and TargetScan in StarBase), and miRNAs that appear more
than twice were included as the candidate upstream binds miRNAs of GPX4. Cytoscape (v3.7.2) was
used to map the co-expression network of miRNA and GPX4. The R packages "ggExtra" and "reshape2"
were performed to explore the expression correlation between GPX4 and the upstream binding miRNA.
The differential expression of miRNAs (correlation coe�cient t <-0.2, p < 0.001) in cancerous and normal
tissues depends on the difference analysis. The Kaplan-Meier survival curve was used to understand the
difference in survival probability between the high and low miRNA expression subgroups.

hsa-miR-1287-5p, as the only miRNA with statistical signi�cance (p < 0.05), was used for subsequent
analysis. StarBase was again performed to predict candidate lncRNAs that bind to hsa-miR-1287-5p.
Using the above methods, we mapped the co-expression network of lncRNAs and hsa-miR-1287-5p and
explored the correlation between lncRNAs and hsa-miR-1287-5p or GPX4 expression, as well as the
difference and survival analysis of lncRNAs. Eventually, a ceRNA regulatory network composed of
AL928654.4, hsa-miR-1287-5p, and GPX4 was drawn by running Cytoscape (v3.7.2).

Statistical analysis
According to the distribution characteristics, Student's t-test or Mann-Whitney test were used to compare
the differences between continuous variables. The chi-square test or Fisher's exact test was used to
compare the differences between categorical variables. Wilcoxon rank-sum test compares the differences
of mDNAsi among different subgroups. Univariable Cox regression analysis was used to screen out PR-
DE-FRGs, and lasso regression was used to screen out the best genes for constructing a risk model. The
10-fold cross-validation was used to determine the optimal penalty parameter (λ). The Kaplan-Meier
curve of the log-rank test was used to analyze the differences in OS between groups. This research used
the multivariate Cox regression method to construct Nomogram. Univariate and multivariate Cox
regression analyses were used to evaluate the independent predictive value of the risk score of the risk
assessment model on survival. The ROC curve was used to assess the predictive ability of each factor on
the prognosis. Spearman correlation analysis was used to analyze the correlation between scores, such
as evaluating the risk scores and �ve chemotherapy drugs or IC50. The OCLR algorithm calculates the
tumor cell stemness index. All analyses in our study were performed using the R programming language
(version 4.0.3) and SPSS Statistics 22 software22. If not speci�ed in the text, a two-sided P value less
than 0.05 is statistically signi�cant in all the statistical results.

Results

Data collection and DE-FRGs extraction
The �owchart of this research is shown in Fig. 1. This study included 510 THCA samples and 58 adjacent
normal tissue samples in TCGA database. To use the R software to analyze the data, we use the gene
transfer format to annotate the shared genome. According to the list of FRGs obtained from the FerrDb
database, 246 FRGs were screened out. After analyzing gene expression and quanti�cation, 176 DE-FRGs
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were obtained. These DE-FRGs were presented in Supplementary Fig. S1A and S1B with a heat map and
a volcano chart. As shown in the �gure, 78 genes were identi�ed as up-regulated, and 98 genes were
down-regulated.

Establishment of regulatory network and risk assessment
model
The data obtained from TCGA was screened, and we retained 501 samples with complete OS and RNA
sequence data. The clinical features are shown in Table 1. Fifteen DE-FRGs related to OS were screened
out by univariate Cox analysis (Fig. 2A and 2B). Among them, the prognostic risk factors were identi�ed
as ANGPTL7, DRD4, SRXN1, TXNRD1, CDKN2A, MIOX, PGD, TF, and TFRC (HR > 1). The factors identi�ed
as prognostic protective factors are CAPG, GPX4, ARNTL, ISCU, BID, and DPP4 (HR < 1). The lasso
regression analysis was performed on the expression values of �fteen PR-DE-FRGs in the training group
to screen out highly related genes to prognosis. The optimal penalty parameter (λ) determined by the
smallest k-fold cross-validation with K = 10, which is based on a risk assessment model constructed by
fourteen PR-DE-FRGs (GPX4, CAPG, TFRC, PGD, MIOX, DPP4, CDKN2A, BID, DRD4, ISCU, ARNTL, TXNRD1,
ANGPTL7, and SRXN1) (Supplementary Fig. S1 C-D). The PR-DE-FRGs used to construct the model, and
the corresponding coe�cients are shown in Supplementary Table 1. Seven central genes (PGD, SRXN1,
GPX4, ISCU, TFRC, TXNRD1, and CDKN2A) were found (Fig. 2C). By constructing 12 PR-DE-FRGs PPIs.
Through the construction of thirteen PR-DE-FRGs related networks, the attributes of genes and their
effects on prognosis are shown (Fig. 2D). By examining the correlation between fourteen PR-DE-FRGs
and survival probability, we found that high expression of BID, CAPG, GPX4 genes and low expression of
TFRC showed better OS (Fig. 3).
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Table 1
Clinical characteristics of the THCA samples in training, test, whole set.

  Training set (n = 301) Test set (n = 200) Whole set (n = 501)

Gender (%)

Male 86(28.6%) 49(24.5%) 135(26.9%)

Female 215(71.4%) 151(75.5%) 366(73.1%)

Age (median, range) 48(15–88) 47(18–89) 47(15–89)

Survival status

OS-days (median, range) 1026(9-5423) 1055(6-5150) 1038(6-5423)

OS-state (alive (%)/

Dead (%))

291(96.7%)/10(3.3%) 194(97.0%)/6(3.0%) 485(96.8%)/16(3.2%)

Stage (%)

I 167(55.5%) 114(57.0%) 281(56.1%)

II 37(12.3%) 15(7.5%) 52(10.4%)

III 65(21.6%) 46(23.0%) 111(22.1%)

IV 32(10.6%) 23(11.5%) 55(11.0%)

unknown 0(0.0%) 2(1.0%) 2(0.4%)

T (%)

1 81(26.9%) 61(30.5%) 142(28.4%)

2 102(33.9%) 62(31.0%) 164(32.7%)

3 105(34.9%) 65(32.5%) 170(33.9%)

4 12(4.0%) 11(5.5%) 23(4.6%)

unknown 1(0.3%) 1(0.5%) 2(0.4%)

M (%)

0 175(58.1%) 107(53.5%) 282(56.3%)

1 6(2.0%) 3(1.5%) 9(1.8%)

unknown 120(39.9%) 90(45.0%) 210(41.9%)

N (%)

0 148(49.2%) 81(40.5%) 229(45.7%)
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  Training set (n = 301) Test set (n = 200) Whole set (n = 501)

1 119(39.5%) 103(51.5%) 222(44.3%)

unknown 34(11.3%) 16(8.0%) 50(10.0%)

Evaluation of Risk assessment model
To evaluate the predictive ability of the risk assessment model, we simultaneously analyze the
relationship between the distribution of risk scores in the training set, test set, and the whole set and the
patient's OS and OS status. By drawing risk plots, we can �nd that the survival of the low-risk group is
dramatically better than that of the high-risk group (Fig. 4A-C). Next, draw Kaplan-Meier survival curves,
and the results show that the overall survival of the low-risk group is signi�cantly better in the training set,
test set, and whole set (Fig. 4D-F). The training set showed that the high-risk and low-risk samples are
distributed in the two principal component directions of the PCA discrete trend graph (Fig. 4G). We found
similar results in the test and the whole set (Fig. 4H-I). Univariate and multivariate Cox regression
analyses, including risk score and OS, were performed to evaluate whether the model can be used as an
independent OS predictor of THCA patients. Univariate Cox regression analysis results show that risk
score is signi�cantly related to OS. After adjusting for other prognostic-related factors, we performed a
multivariate Cox regression analysis, and the results still showed a signi�cant correlation between risk
score and THCA (Table 2). Two studies suggest that this risk score can be used as an independent
prognostic indicator of THCA.
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Table 2
The results of univariate and multivariate Cox regression analysis, including

clinical factors and risk scores in three sets.

  Univariate Cox P1 Multivariate cox P2

HR 95%CI HR 95%CI

Training set

Age 1.11 1.04–1.19 0.002 1.09 1.00-1.20 0.06

Gender 3.79 0.75–19.08 0.105 3.92 0.49–31.26 0.197

Stage 3.53 1.44–8.62 0.006 2.06 0.52–8.09 0.301

Risk score 1.08 1.04–1.12 < 0.001 1.08 1.03–1.13 < 0.001

Test set

Age 1.16 1.07–1.26 < 0.001 1.11 1.03–1.20 0.006

Gender 1.13 0.22–5.86 0.89 0.65 0.07–6.28 0.71

Stage 2.21 1.10–4.44 0.03 0.85 0.28–2.54 0.78

Risk score 2.20 1.54–3.14 < 0.001 1.64 1.03–2.62 0.038

Whole set

Age 1.40 1.08–1.20 < 0.001 1.14 1.07–1.21 < 0.001

Gender 2.02 0.65–6.21 0.222 2.17 0.58–8.18 0.252

Stage 2.75 1.59–4.74 < 0.001 1.44 0.67–3.07 0.351

Risk score 1.07 1.04–1.10 < 0.001 1.07 1.04–1.11 < 0.001

To make the results more reliable and test the predictive performance of the risk model, we then draw the
ROC curve. The risk score is more sensitive to OS prediction in the training, test, and whole set. The
training set's 1-year, 2-year, and 3-year Area Under Curve (AUC) were 0.939, 0.968, and 0.922, respectively
(Fig. 5A-C). In the test set, they were 0.921, 0.943, and 0.918 (Fig. 5D-F). In the whole set, they were 0.926,
0.959, and 0.912 (Fig. 5G-I). It is worth noting that the 1-year, 2-year, and 3-year AUC in the three groups
were all greater than 0.9, and the risk score was the largest AUC among all factors. It is again con�rmed
that the risk assessment model can be used as a prognostic indicator of THCA, which has outstanding
predictive value for the prognosis of patients.

Strati�ed analysis
It is worth mentioning that many clinically valuable results were found when analyzing the relationship
between risk scores and various clinical characteristics. Age (Fig. 6A, p < 0.01), survival status (Fig. 6B, p 
< 0.001), gender (Fig. 6C, p < 0.01), stage (Fig. 6D, p < 0.05) and N stage (Fig. 6G, p < 0.001) was observed
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to be signi�cantly association with the risk score. Among them, the risk scores of patients in the age > 70-
year-old group, the male group, and the N0 group were higher. Figure 6D shows that the patient's risk
score also decreases as the stage increases. Unfortunately, the risk scores of different ages and fustat
subgroups did not show signi�cant differences (Fig. 6E-F). It is found that the model still has the better
predictive ability for OS of each subgroup with different clinical characteristics in further survival
analysis. It was observed that the OS of patients in the high-risk group in the age ≤ 70 years old group,
age > 70 years old group, Female, Male, Stage - , T3-4, M0, N0, and N1 subgroups was poor (Fig. 6H, p < 
0.05). Among them, Male, Age > 70, Stage - , T3-4, N1 subgroups are most closely related to the
prognosis of patients.

Gene set enrichment analysis
Gene set enrichment analysis to understand the differences in the gene expression between the THCA
high-risk and the low-risk groups. As shown in Fig. 7A, the GO enrichment analysis of the two groups
found that the main enrichment pathways for the high-risk group are hormone biosynthetic process,
thyroid hormone metabolic process, vascular transport, cis-Golgi network, TOR complex, anion
transmembrane transporter activity, organic anion transmembrane transporter activity. The low-risk group
responds to interleukin-4, T-helper 1 cell differentiation, T-helper 2 cell differentiation, BLOC-1 complex,
BLOC complex, cell-cell adhesion mediator activity, and lipase inhibitor activity. Interestingly, the hormone
biosynthetic process and thyroid hormone metabolic process, closely related to thyroid function, were
signi�cantly enriched in the high-risk group (p-value < 0.001). T-helper 1 cell differentiation, T-helper 2 cell
differentiation, and lipase inhibitor activity related to ferroptosis were found to be signi�cantly enriched in
the low-risk group (p < 0.05). We also performed a KEGG pathway analysis to verify further the difference
of Biological Function and Pathway between the high-risk and low-risk groups. As shown in Fig. 7B, the
results are as expected. The Adipocytokine signaling pathway, Fatty acid metabolism, Glycine, serine and
threonine metabolism, Hedgehog signaling pathway, mTOR signaling pathway, regulation of autophagy
enriched in the high-risk group are all closely related to ferroptosis. Through the above GSEA, we can �nd
that the risk assessment model is closely associated with changes in thyroid function and ferroptosis.

The relationship between risk assessment model and tumor
microenvironment
There is a signi�cant correlation between risk score and immune cell score (Fig. 8A). Further difference
analysis found that the immune cell score of the low-risk group was signi�cantly higher than that of the
high-risk group (Fig. 8B). Disappointingly, there is no signi�cant relationship between risk score and
stromal score (Fig. 8C-D). The correlation and difference between risk scores and the scores of 16
immune cells or 13 immune functions can help us understand the impact of ferroptosis on THCA
immunity. Except for CD8 + T cells, Tfh, and B cells, immune cells and immune functions were
signi�cantly correlated with risk score (Fig. 8E, G). The results of the different analysis showed immune
cells related to ferroptosis such as T-helper-cells, Th1 cells, Th2 cells, TIL, Treg, aDCs, DCs, iDCs, pDCs,
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Macrophages, neutrophils, mast cells, and Natural killer (NK) cells in the low-risk group were signi�cantly
higher than those in the low-risk group (all adjusted P < 0.05) (Fig. 8F). Immune functions related to
ferroptosis, such as T cell co-stimulation and T cell co-inhibition, and Type II Interferon (INF) Response,
were also signi�cantly higher in the low-risk group than in the high-risk group (all adjusted P < 0.05). In
addition, Antigen-presenting cells (APC) co-inhibition, APC co-stimulation, CCR, checkpoint, in�ammation
promoting activity, HLA and MHC, Parain�ammation, and Type I INF Response of in�ammation-related
pathways were also signi�cantly enriched in the low-risk group (Fig. 8G-H). The signi�cant differences in
ferroptosis-related immune cells and immune pathways between the high and low-risk groups are similar
to the results of GSEA, which suggests that in THCA, ferroptosis participates in the occurrence and
development of tumors participating in the immune activities.

Stemness Features of THCA
We observed a negative correlation between mDNAsi and risk score (Fig. 9A). In further difference
analysis, we observed that the mDNAsi of patients in the low-risk group was signi�cantly higher,
supporting the correlation analysis's conclusion (Fig. 9B). In addition, we also found that patients with
stage N1 had signi�cantly higher mDNAsi (Fig. 9C).

Gene mutation and TMB analysis
We draw waterfall plots to explore differences in mutation characteristics between the high-risk and low-
risk groups. The results of the waterfall plots show the top 20 most frequently mutated genes in the high-
risk group and low-risk group (Fig. 10A-B). The boxplot results showed no signi�cant difference in TMB
between the two groups (Fig. 10C). To determine the relation between TMB and the prognosis of THCA
patients, we further performed survival analysis. The results showed that the OS of the low TMB samples
was signi�cantly better (p < 0.001, Fig. 10D). We found that the NRAS mutation group was signi�cantly
correlated with a higher risk score by analyzing the relationship between the mutated gene and the risk
score (Fig. 10E). Further survival analysis found that patients in the NRAS mutation group were
associated with better OS (Fig. 10F). Although not signi�cant, similar results were also observed in the
HRAS mutation group (Fig. 10G-H).

The clinical utility of risk assessment models
This study thoroughly studied the correlation between the risk assessment model evaluated the effect of
ICIs therapy on THCA patients through IPS. Patients with higher IPS scores will get better results in ICIs
treatment [37]. We can observe that IPS-PD1, IPS-CTLA4, and IPS-PD1 + CTLA4 were negatively correlated
with the risk score (Fig. 11A). Compared with the low-risk group, the three IPS scores of the high-risk
group were lower. (Fig. 11B). CD274 (PD-L1), TIGIT, CTLA4, CD40, and HAVCR2 were signi�cantly
negatively correlated with risk scores (all p values   <0.05; Fig. 11C).
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Further difference analysis also con�rmed the relevant results. Except for CTLA4, the expression levels of
the other four genes were lower in the high-risk group (all p values   <0.05; Fig. 11D). This result indicates
that our model can be used to predict the effect of immunotherapy. We expected the IC50 of each sample
of the �ve chemotherapy drugs recommended by the NCCN guidelines (sorafenib, axitinib, mesylate,
pazopanib, and sunitinib). When axitinib, pazopanib, and sorafenib were negatively correlated with the
risk score, the IC50 of mesylate and sunitinib was positively correlated with the risk score (Fig. 11E).
Further difference analysis results support the correlation conclusion (Fig. 11F). These conclusions mean
that our risk score model can effectively predict the sensitivity of patients receiving these �ve
chemotherapy drugs.

Establishment and veri�cation of Nomogram
The Nomogram constructed from age, gender, stage, and risk score showed that risk score is the most
important factor affecting patient survival, followed by age, stage, and gender (Fig. 12A). Through the
internal calibration curve, it can be con�rmed that Nomogram has a brilliant agreement between the
predicted and actual 1-, 3-, and 5-year OS (Fig. 12B), showing its independent predictive ability for the
prognosis of THCA. The ROC curves con�rm that the Nomogram has excellent predictive power (AUC
values are all > 0.9, Fig. 12C).

Immunohistochemistry assay
We obtained IHC staining images of the protein expression of 11 PR-DE-FRGs (PGD, DPP4, CDKN2A, BID,
ISCU, TXNRD1, CAPG, TFRC, MIOX, ARNTL, and GPX4) in thyroid cancer and normal thyroid tissues. By
comparing the immunohistochemical staining images of thyroid cancerous and normal tissues, we found
that the protein expressions of 7 PR-DE-FRGs (PGD, DPP4, CDKN2A, BID, ISCU, TXNRD1, and CAPG) are
different (Fig. 13A-G). The protein expression of DPP4, KN2A, BID, ISCU, and CAPG in THCA tissue is
higher than that in normal tissue. The expression of PGD and TXNRD1 protein is higher in normal tissues.
All of these support the results of the differential expression of these genes in our analysis. The images
of the remaining 4 PR-DE-FRGs are shown in Supplementary Figure S2, and there is no difference in
protein expression.

Differential expression veri�cation of PR-DE-FRGs based on
external cohort
We �nally obtained RNA sequencing data of 12 PR-DE-FRGs from the GSE33630 cohort. After running the
differential expression analysis, these 12 genes all showed signi�cant differences. MIOX, SRXN1, PGD,
TXNRD1, and DRD4 are down-regulated. At the same time, GPX4, CAPG, DPP4, CDKN2A, BID, ISCU, and
ARNTL are up-regulated (Fig. 14A-14B), which is consistent with the differential expression results of PR-
DE-FRGs from the TCGA database (Fig. 14C).
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The performance of GPX4-related ceRNA regulatory
network in THCA
Except for Breast invasive carcinoma (BRCA), Cholangiocarcinoma (CHOL), Glioblastoma multiforme
(GBM), Head and Neck squamous cell carcinoma (HNSC), Lung squamous cell carcinoma (LUSC),
Stomach adenocarcinoma (STAD), GPX4 was up-regulated in the other 12 cancers (Fig. 15A). Up-
regulation of the displayed GPX4 survival curve is associated with a better prognosis (Fig. 15B),
consistent with our previous results (Fig. 3). We predicted a total of 10 upstream miRNAs that may bind
to GPX4. Figure 15C shows the miRNAs-GPX4 regulatory network. According to the mechanism by which
miRNA regulates target gene expression, there is a negative correlation between miRNA and GPX4.
Figure 15D shows a signi�cant negative correlation between hsa-miR-1287-5p and GPX4 expression. We
also noticed that hsa-miR-1287-5p was signi�cantly down-regulated in THCA (Fig. 15E) and had a better
prognosis (Fig. 15F). The above �ndings indicate that hsa-miR-1287-5p may be the most potential
regulatory miRNA for GPX4 in THCA. Through the starBase database, 79 lncRNAs were obtained. Further
screening got one lncRNA (AL928654.4) upstream of hsa-miR-1287-5p. The expression of AL928654.4
was negatively correlated with the expression of hsa-miR-1287-5p (Fig. 15G). Unfortunately, we did not
�nd a signi�cant correlation between AL928654.4 and GPX4 (Fig. 15H). Nevertheless, the expression of
AL928654.4 in tumor tissues was signi�cantly increased, and the high expression of AL928654.4
indicated a better prognosis (Fig. 15I-J). Figure 15K shows the lncRNAs-hsa-miR-1287-5p regulatory
network. Figure 15L offers the CERNA regulatory network composed of AL928654.4/hsa-miR-1287-
5p/GPX4.

Discussion
Numerous studies have focused on �nding one or more genes to build tumor risk assessment models in
recent years. At the same time, the impact of ferroptosis on tumor biology is also a hot topic today[13,
14]. Those bring us a new idea for FRGs combinations to construct a reasonable and practical risk
assessment model.

This study obtained complete RNA sequence data of 246 FRGs in thyroid cancer through TCGA and the
FerrDb databases. Next, we analyzed the relationship between FRGs and the patient's OS and the
difference in FRGs expression between cancerous and normal tissues. According to the association
between DE-FRGs and the patient's OS, we obtained 14 PR-DE-FRGs. Motivated by this, a risk assessment
model with superior performance was proposed. Since this study data only comprised samples from a
single cohort of TCGA, we randomly divided the samples into the training set, test set, and whole set to
achieve the effect of mutual multi-set veri�cation of the results. We split each training/test/whole set of
samples into high-risk and low-risk groups based on the median value of the risk score. We found that
low risk is signi�cantly associated with better OS. Surprisingly, when we drew the ROC curve to verify this
result, the 1-year, 2-year, and 3-year AUC of the training/test/whole sets were more outstanding than 0.9.
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The AUC of the risk score is the largest among all prognostic-related factors. It proves that the risk
assessment model has exceptional predictive value for the prognosis of patients.

Previous studies have demonstrated that ferroptosis was involved in cancer development and severely
impacted the prognosis of cancer patients. For example, Liang et al. and Tang et al. found that the
prognosis model constructed by ferroptosis-related genes in the high-risk group of Hepatocellular
Carcinoma had signi�cantly more inferior OS than the low-risk group [38, 39]. Mou et al. found that when
genes' expression level that promotes ferroptosis is low, the OS of clear cell renal cell carcinoma is also
inferior [40]. Similar results were found in lung adenocarcinoma by Yao et al. [41] and Tian et al. [42].
However, few studies have established a risk assessment model based on ferroptosis-related genes to
predict the prognosis of THCA. This study used up to 14 genes to build models to minimize the risk of
over�tting screening features, accurately predicting THCA patients' prognosis.

These 14 genes can be roughly divided into oxidative metabolism (PGD, DPP4, CDKN2A, MIOX, ARNTL,
BID, CAPG, BID), lipid metabolism (ANGPTL7, TXNRD1, GPX4, SRXN1, DRD4), iron metabolism (TFRC,
ISCU, DRD4) three categories [17][13] [43][44][45][22]. In the risk assessment model, eight genes
(ANGPTL7, DRD4, SRXN1, TXNRD1, CDKN2A, MIOX, PGD, and TFRC) were identi�ed as prognostic risk
factors (HR > 1), while the remaining six genes were opposite (CAPG, GPX4, ARNTL, ISCU, BID and DPP4)
(HR < 1). PGD reduced NADP to NADPH, preventing erastin-induced ferroptosis in Calu-1 cells [13]. Xie et
al. found that high expression of DPP4 promotes plasma-membrane-associated DPP4-dependent lipid
peroxidation, which ultimately leads to ferroptosis [46]. P53, through the sequestration of DPP4, achieves
anti-ferroptotic function [47]. ARF was initially identi�ed as an alternative transcript of the Ink4a tumor
suppressor locus that encodes p16INK4a, an inhibitor of CDKN2A [48]. Combination of ARF induction and
ROS treatment-induced ferroptotic cell death and Knockdown of endogenous ARF protected cells from
ROS-induced cell death [49]. MIOX is a proximal tubular enzyme that promotes ROC production when
overexpressed, thereby promoting ferroptosis [50]. ARNTL in the blockade of ferroptotic cancer cell death
through control of the EGLN2-HIF1A pathway [44]. CAPG may inhibit ferroptosis by regulating GSH [51].
For lipid metabolism, SRXN1 and TXNRD1's expression were up-regulated during ferroptosis induced by
erastin or RSL3 [22]. In contrast, ANGPTL7's expression was downregulated during ferroptosis caused by
erastin or RSL3[22]. Those results suggested that the expression of these three genes may be related to
cancer ferroptosis, but the speci�c mechanism of action is still unclear. According to reports, TXNRD1
can enhance the cytotoxicity of Lysine oxidase, which can activate ferroptosis [52]; this suggests that
TXNRD1 may promote ferroptosis. The transcriptional activation of the SRXN1 gene is strongly
responsive to oxidative stress [53], and SRXN1 plays a vital role in removing excess ROS [54]. The study
of Kim et al. found that SRNX1 may be related to tumor progression [54], consistent with our research
that SRNX1 is a prognostic risk factor for thyroid cancer. Song et al. also observed a higher expression
level of ANGPTL7 in the esophageal squamous cell carcinoma study, and it was used as a prognostic risk
gene [55]. Our research results are consistent with these studies. GPX4 is the phospholipid
hydroperoxidase that inhibits ferroptosis because it can convert lipid hydroperoxides into non-toxic lipid
alcohols[39]. BID is the mediator of mitochondrial dysfunction downstream of glutathione (GSH)
depletion in the model of oxytosis [56]. For iron metabolism, dopamine reduced erastin-induced ferrous
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iron accumulation, glutathione depletion, and malondialdehyde production [57]. This is why DRD4 may
inhibit ferroptosis. Transferrin is an iron carrier protein in serum that can be transported into the cell via
receptor-mediated endocytosis, RNAi of transferrin receptor (TFRC) inhibited ferroptosis [58]. Transferrin
can only interact with TFRC and be transported into the cell when loaded with iron [58]. Overexpression of
ISCU (Iron-sulfur cluster assembly enzyme, a mitochondrial protein) signi�cantly attenuated
Dihydroartemisinin induced ferroptosis by regulating iron metabolism, rescuing the mitochondrial
function, and increasing the level of GSH[43]. Oncogenic mutations in RAS family members (included
KRAS, HRAS, and NRAS) are common in 30% of human tumors[59]. Many studies have shown that NRSA
gene mutations may be associated with the occurrence of ferroptosis [13, 25]. Dietrich et al. proved that
NRAS is overexpressed in hepatocellular carcinoma and is a biomarker of poor patient prognosis and
found that it contributes to Sorafenib resistance in hepatocellular carcinoma [60]. Many studies have
proven that NRAS mutations in the thyroid are important for cancer, but the relationship between NRAS
mutations and patient prognosis has not yet been determined [61, 62]. We con�rmed a signi�cant
association between NRAS and risk score, but no signi�cant association was found between NRAS and
OS in patients with thyroid cancer.

GPX4 is an essential target for studying the mechanism of ferroptosis in cancer and a promising strategy
for exploring potential treatments for cancer[63]. At the same time, more and more shreds of evidence
showed that miR-1287-5p plays a substantial carcinogenic or anti-cancer effect in human tumors, such
as Cervical Cancer[64], Breast cancer[65], THCA[66], and so on. Many previous studies have
demonstrated that the miR-1287-5p/GPX4 axis plays a vital role in regulating the apoptosis and
ferroptosis of cancer cells[67][68]. We veri�ed the AL928654.4/ miR-1287-5p/ GPX4 regulatory axis, and
the survival curve revealed the high expression of GPX4, the low expression of miR-1287-5p, and the
increased expression of AL928654.4, and the better prognosis is relevant. AL928654.4 is signi�cantly
negatively correlated with miR-1287-5p and similar to the miR-1287-5p with GPX4. The above results may
explain the regulation mode of GPX4 in the prognosis of THCA. The study by Wang et al. showed similar
results to ours[68]. We have not found previous studies on AL928654.4, which led to our lack of su�cient
evidence, but this also provides us with a new idea for studying the regulatory role of AL928654.4/ miR-
1287-5p/ GPX4 in THCA.

Although ferroptosis has become a research focus, there are few studies on ferroptosis from thyroid
cancer. Moreover, investigating the biological processes and pathways of thyroid cancer ferroptosis is
even more limited. Therefore, based on 14 PR-DE-FRGs, GSEA was performed. Similar to expectations,
Adipocytokine signaling pathway, Fatty acid metabolism, Hedgehog signaling pathway, mTOR signaling
pathway, regulation of autophagy enriched, and Wnt signaling pathway in the high-risk group are all
closely related to ferroptosis. Adipocytokine signaling pathway, Fatty acid metabolism can affect
ferroptosis by regulating lipid metabolism [69]. Research by Yang et al. found that the Hedgehog
signaling pathway, regulation of autophagy enriched, and Wnt signaling pathway play a vital role in the
cancer stem cell process [70]. FZD7 is a classic Wnt receptor that can alter GSH metabolism and protect
ovarian cancer from oxidative stress [71]. Studies have shown that promoting the mTOR signaling
pathway can induce ferroptosis in trophoblast cells [72].
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Since we found in GO analysis that immune-related biological processes and pathways were enriched, we
further analyzed the impact of ferroptosis on immunomodulatory. Surprisingly, except for B cells, CD8 + T
cells, and Tfh, the scores of the other 13 immune cells and 13 immune functions in the high-risk group
were signi�cantly lower than those in the low-risk group. The study has speculated that ferroptotic cells
will release distinct signals, including lipid mediators, which will attract APC and other immune cells to
the site of ferroptotically dying cells[47]. A study found that ferroptotic cancer cells are e�ciently
engulfed by macrophages in vitro[73]. In addition, oxidized lipids and lipid droplets regulate the anti-
tumor immune response [47]. Lipid bodies containing oxidatively truncated lipids block antigen cross-
presentation by dendritic cells in cancer, leading to anti-tumor immunode�ciency[74]. NK cells play a
central role in cancer immune insurance by killing cancer cells. [75]. Many studies have shown that
tumor-associated neutrophils[76] and lymphocytic[77] are associated with a better prognosis of tumors,
but the speci�c mechanism is still controversial. In addition, 13 immune-related functions in the high-risk
group were signi�cantly impaired. Taken together, these results demonstrate that the poor prognosis of
thyroid cancer patients in our high-risk group is probably related to low anti-tumor immunity. Stem cell
characteristics reveal new drug targets for anti-cancer therapy[12][11]. Cancer stem cells (CSCs) usually
show high iron levels in the cells [70]. The Ferroptosis pathway can selectively induce CSC death [78]. We
found that the low-risk and N0 stage groups had higher mDNAsi scores. This conclusion indicated that
cancerous cells in our low-risk group are less aggressive and can invade surrounding tissues, which is
also re�ected in the study of glioblastoma. [79].

Another advantage of our research is combining the risk assessment model with clinical applications. For
example, the risk score is signi�cantly correlated with the expression of three IPS, �ve ICIs, and the IC50
of �ve chemotherapeutics. These results all implied that our risk scoring model could effectively predict
the chemosensitivity of patients receiving these �ve chemotherapy agents and predict the effect of
immunotherapy. Clinically, an operational decision support tool was needed. Therefore, we used factors
that may affect the prognosis (age, stage, gender, and risk score) to build a Nomogram for predicting
thyroid cancer's 1, 3, and 5-year overall survival.

There are several limitations to this study. First, we only obtained the differential expression results of the
14 PR-DE-FRGs used to construct the model by analyzing the sharing data. However, due to the di�culty
of collecting clinical specimens and the limitation of experimental conditions, we, unfortunately, failed to
verify these gene expression differences through experiments. To make up for this limitation as much as
possible, we used images of PR-DE-FRGs protein expression between thyroid cancerous and normal
tissues obtained by immunohistochemical staining based on clinical specimens to verify our results.
Second, the conclusion of the relationship between the risk score and the tumor microenvironment may
need to be veri�ed by experiments with bulk samples and a substantial workload. Third, we have not
obtained transcriptome data with survival information in other databases to validate our model. To make
up for this shortcoming, we randomly divided the TCGA sample into three sets. Then we veri�ed the
model similar to the external set and �nally achieved brilliant veri�cation results.
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Conclusions
In conclusion, this study used 14 PR-DE-FRGs to build a risk assessment model for thyroid cancer. And
through multiple analytic approaches, it has been veri�ed that the model has a brilliant predictive ability
for OS in patients with thyroid cancer. In discussing the mechanism, we found that the risk assessment
model has a signi�cant relationship with the TME, TMB, NRAS mutation, and stemness features.
AL928654.4/ miR-1287-5p/ GPX4 regulation axis explains its regulation mode in the progression and
prognosis of THCA. At the same time, the model has proved to have clinically predictive value in drug
sensitivity, IPS, ICIs. Nomogram has good predictive e�cacy for 1-, 3-, and 5-year OS in patients with
thyroid cancer.
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Figures

Figure 1

The work�ow of the whole research.
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Figure 2

Identi�cation of PR-DE-FRGs used to construct association networks. (A) The heatmap was used to show
the expression pro�le of 15 PR-DE-FRGs. (B) The forest plot was used to indicate the univariate Cox
regression analysis results based on 15 PR-DE-FRGs and survival. (C) PPI of 12 PR-DE-FRGs in model.
The bottom of the �gure shows that the different colored lines between nodes represent various sources
of evidence. (D) Correlation network of 13 PR-DE-FRGs. The left and right halves of the circle represent
the attributes of the gene and its in�uence on the prognosis, respectively.
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Figure 3

Survival curves of 14 PR-DE-FRGs were used to construct the model.
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Figure 4

Riskplots, Kaplan-Meier survival curves, and PCA discrete trend charts based on the predictive model. (A-
C) Riskplots of the training, test, and whole set, respectively. (D-F) Survival curves of the
training/test/whole sets, respectively. (G-I) PCA discrete trend charts of the training/test/whole sets,
respectively.
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Figure 5

The multi-factor ROC curves con�rm the best predictive performance of the model. (A-C) 1-, 2-, and 3-
years of multi-factor ROC curves based on the training set, respectively. (D-F) 1-, 2-, and 3-years of multi-
factor ROC curves based on the test set, respectively. (G-H) 1-, 2-, and 3-years of multi-factor ROC curves
based on the whole set, respectively.
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Figure 6

Strati�cation analysis of the risk assessment model. (A) Differences in risk score between patients with
each subtype of each clinicopathological feature. (B) The risk assessment model still maintains the
ability to predict the prognosis in patients with various subtypes of THCA.
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Figure 7
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Figure 8

The correlation analysis between risk score and immune cells score, stroma cells score, 16 immune
in�ltrating cells, and 13 immune functions and their comparison between different risk groups. (A, B)
Immune cells score. (C, D) Stroma cells score. (E, F) 16 immune in�ltrating cells. (G, H) 13 immune
functions. The symbol above the histogram shows the signi�cance of the difference. *: p < 0.05; **: p <
0.01; ***: p < 0.001; ns: no signi�cance.



Page 35/42

Figure 9

mDNAsi associated with the risk score and clinicopathological characteristics. (A) Correlation between
mDNAsi and risk score. (B) Differences in mDNAsi between different risk groups. (C) Differences in
mDNAsi between different subtypes of each clinicopathological feature.
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Figure 10

Mutation analysis. (A, B) The waterfall charts show the mutation distribution of patients in the high-risk
group and low-risk group, respectively. The right panel of the waterfall plot shows the mutation frequency,
and their mutation frequency sorts the genes. The upper and lower parts of the �gure offer the TMB
statistics and mutation types for each sample, respectively. (C) TMB difference between high-risk group
and low-risk group. (D) Survival difference curve of patients between the high TMB and low TMB group.
(E, G) The risk score difference between RAS (NRAS and HRAS) mutation group and RAS (NRAS and
HRAS) wild group, respectively. (F, H) Survival difference curve of patients between RAS (NRAS and
HRAS) mutation group and RAS (NRAS and HRAS) wild group respectively.
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Figure 11

The correlation analysis between risk score and three kinds of IPSs, expression value of 8 ICIs-related
genes and IC50 of the �ve chemotherapy drugs, and comparison between different risk groups. (A, B)
Three kinds of IPSs. (C, D) The expression value of 8 ICIs-related genes. (E, F) The IC50 of the �ve
chemotherapy drugs.
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Figure 12

Nomogram based on risk score accurately predicts the OS of THCA patients. (A) The Nomogram
comprised various clinical risk factors, and the risk score indicated the 1-, 3-, and 5-year survival
probability of THCA patients. (B) 1-, 3-, and 5-years internal calibration curve. (C) 1-, 3-, and 5-years of ROC
curves.
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Figure 13

IHC images of 7 differentially expressed DE-FRGs in THCA and normal thyroid tissues. (A) PGD, (B) DPP4,
(C) CDKN2A, (D) BID, (E) ISCU, (F) TXNRD1. (G) CAPG.
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Figure 14

Differential expression veri�cation of PR-DE-FRGs. (A) Expression heat map of 12 PR-DE-FRGs from
GSE33630 cohort. (B) The volcano map shows the differential expression of 12 PR-DE-FRGs from the
GSE33630 cohort. (C) The volcano map shows the differential expression of 14 PR-DE-FRGs from the
TCGA cohort. The triangles represent differentially expressed genes.
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Figure 15

Discovery and verify the ceRNA regulatory network related to GPX4. (A) Differences in the expression of
GPX4 between 18 cancers and normal tissues, respectively. (B) Kaplan-Meier curve based on GPX4
expression and OS obtained from GEPIA. (C) The miRNAs-GPX4 regulatory network was established by
Cytoscape software. (D) Correlation results of GPX4 with hsa-miR-1287-5p. (E) Difference analysis results
of hsa-miR-1287-5p between THCA and normal group. (F) KM survival analysis results of hsa-miR-1287-
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5p. (G) Correlation results of AL928654.4 with hsa-miR-1287-5p. (H) Correlation results of AL928654.4
with GPX4. (I) Difference analysis results of AL928654.4 between THCA and normal group. (J) KM
survival analysis results of AL928654.4. (K) The lncRNAs-hsa-miR-1287-5p regulatory network. (L) ceRNA
regulatory network composed of AL928654.4/ hsa-miR-1287-5p/ GPX4. P<0.05 was considered
statistically signi�cant.
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