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Thyroid carcinoma is a type of prevalent cancer. Its prognostic evaluation depends on clinicopathological features. However, such
conventional methods are deﬁcient. Based on mRNA, single nucleotide variants (SNV), and clinical information of thyroid
carcinoma from The Cancer Genome Atlas (TCGA) database, this study statistically analyzed mutational signature of patients with
this disease. Missense mutation and SNV are the most common variant classiﬁcation and variant type, respectively. Next, tumor
mutation burden (TMB) of sample was calculated. Survival status of high/low TMB groups was analyzed, as well as the
relationship between TMB and clinicopathological features. Results revealed that patients with high TMB had poor survival status,
and TMB was related to several clinicopathological features. Through analysis on DEGs in high/low TMB groups, 381 DEGs were
obtained. They were found to be mainly enriched in muscle tissue development through enrichment analysis. Then, through Cox
regression analysis, a 5-gene prognostic signature was established, which was then evaluated through survival curves and receiver
operation characteristic (ROC) curves. The result showed that the signature was able to eﬀectively predict patient’s prognosis and
to serve as an independent prognostic risk factor. Finally, through Gene Set Enrichment Analysis (GSEA) on high/low-risk groups,
DEGs were found to be mainly enriched in signaling pathways related to DNA repair. Overall, based on the TCGA-THCA dataset,
we constructed a 5-gene prognostic signature through a trail of bioinformatics analysis.

1. Introduction
With the universalness of imaging for diagnosis and monitoring, the thyroid carcinoma (THCA) cases have been
increasing throughout the world [1]. Although most patients
with thyroid carcinoma respond to therapies like surgical
intervention and iodine-131, 10% of them succumb to poor
prognosis and malignant progression [2]. It can be perceived
that diagnostic and therapeutic strategies for malignant thyroid carcinoma remain to be improved. Hence, accurate
diagnosis and assessment of tumor malignancy, as well as
personalized therapeutic options, may aid in improving the
survival status of patients with this disease. Tumor mutation
burden (TMB) is being deﬁned as the number of somatic
mutations per megabase of genome, which varies across

malignancies [3]. Currently, TMB is broadly recognized to
be associated with DNA damage repair (DDR). For instance,
in 2018, Nassar et al. [4] found that DDR-related genes are
correlated with TMB in a cohort study for gene mutational
features in urothelial carcinoma. That is, the severer the loss
of DDR-related gene function, the higher the corresponding
TMB is in patients. Likewise, Parikh et al. [5] revealed that
loss of DDR function is positively related to TMB. It is well
known that loss of DDR function results in malignant progression of tumors [6], thus, TMB can partially reﬂect tumor
malignancy. Besides, several studies analyzed the correlation
between TMB and prognosis of patients through bioinformatics methods. For example, Xie et al. [7] concluded that
compared with low-TMB patients, the prognosis is more
unfavorable in high-TMB patients. Overall, there is a
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Figure 1: Continued.
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Figure 1: Statistical analysis on mutational signature of thyroid carcinoma. (a) Waterfall plot of the top 30 mutated genes in each sample.
The abscissa represents diﬀerent samples, and the ordinate represents the top 30 genes. The ﬁlled color represents that the gene mutated in
the sample, and diﬀerent colors represent diﬀerent variant classiﬁcations. (b)–(d) According to diﬀerent classiﬁcation methods, variant
classiﬁcation, variant types, and SNV class were analyzed. SNV stands for single nucleotide variants. INS stands for insertion. DEL
stands for deletion. (e) Histogram indicates the total number of variants per sample of thyroid carcinoma. (f) Box plot shows the
distribution of variant classiﬁcation in cancer samples. (g) Top 10 mutated genes in thyroid carcinoma samples.

correlation between TMB level and prognosis of patients
with thyroid carcinoma.
Screening gene signatures based on public databases is
an eﬀective strategy to search for prognostic biomarkers.
Nowadays, researchers have searched for possible prognostic
biomarkers based on varying features of multiple cancer
types and have constructed various prognostic models,
which provide relevant evidence for the prognosis of patients
with related cancers. An example is that Liu et al. [8] generated a prognostic model of autophagy-related genes in nonsmall cell lung cancer. Guo and He [9] analyzed gene
expression in the SLC30A family and manifested a likely
prognostic marker for gastric cancer. Sui et al. [10] generated
an immunocyte-related prognosis model that can predict the
prognosis of patients eﬀectively and eﬃcacy of chemotherapy by analyzing immunocyte inﬁltration level in breast cancer. However, TMB-related prognostic model for thyroid
carcinoma has not been fully studied yet.
Here, based on the dataset from The Cancer Genome
Atlas (TCGA) database, we ﬁrst perform statistical analysis
on the mutational signature of thyroid carcinoma. Then,
we analyzed relationships among TMB, survival time, and
several clinicopathological features of patients. Afterward,
we conducted Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) enrichment analyses on differentially expressed genes (DEGs) in high/low TMB groups.
Based on these DEGs, we generated a 5-gene prognostic signature for thyroid carcinoma. In conclusion, the establishment of the prognostic signature may present an
opportunity for its clinical application as a prognosticator
of patients with this disease.

2. Methods
2.1. Data Acquisition and Mutational Signature Analysis.
TCGA-THCA dataset was downloaded from TCGA
(https://portal.gdc.cancer.gov/) database. The dataset

included mRNA expression data (normal: 58; tumor: 510),
single nucleotide variants (SNV) data (VarScan2 Annotation, tumor: 487), and common clinical proﬁles. The R package “maftools” [11] was utilized to conduct mutational
signature analysis on samples of thyroid carcinoma patients
in the TCGA-THCA dataset. This statistical analysis
included variant classiﬁcation, SNV class, variants frequency, and mutated gene of samples.
2.2. Correlation Analysis of TMB in Thyroid Carcinoma and
Clinicopathological Features. The number of somatic mutations (nonsynonymous mutations) per megabase in the coding region of tumor genome in samples was deﬁned as TMB
value. Samples were stratiﬁed into high- and low-TMB
groups per the upper quartile of TMB value. “Survival” package [12] was employed to plot survival curves of high/low
TMB groups. Correlation between various clinicopathological features and TMB was analyzed and the variability was
detected by Wilcoxon.
2.3. DEGs and Enrichment Analyses. The R package “edgeR”
[13] was used to conduct diﬀerential expression analysis
(∣logFC ∣ >1, padj < 0:05) on mRNA expression data in
high/low TMB groups. TMB-related DEGs were obtained.
The R package “clusterproﬁler” [14] was employed to carry
out GO and KEGG enrichment analyses on DEGs. Terms
and signaling pathways subjected to p value < 0.05 and q
value < 0.05 were selected as signiﬁcantly enrichment
results.
2.4. Establishment of the TMB-Related Prognostic Signature.
Among TCGA-THCA samples, those with survival time
greater than 0 were chosen and randomly grouped into
training set (n = 350) and test set (n = 151). Univariate Cox
regression analysis was carried out in the training set by
using R package “survival,” and genes related to survival
were obtained (p < 0:05). These genes were then subjected
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Figure 2: Correlation analysis of TMB and clinicopathological features. (a) Survival curves of patients in high/low TMB groups. (b)–(g)
Correlation of TMB and clinicopathological features (age, sex, T staging, N staging, M staging, and stage).

to LASSO regression analysis. Cross-validation was conducted to select the optimal penalty parameter (lambda) to
rule out genes with relatively high correlation. Afterward,
the “survival” package was applied for multivariate Cox
regression analysis on the selected genes by LASSO analysis.
The prognostic signature was constructed, by which risk
score of each patient was computed following the formula:
n

Risk score = 〠 Coⅇf j ∗ Gene expression j :

ð1Þ

j=1

n represents the number of prognosis-related genes.
Coⅇf j represents weighted correlation coeﬃcients of each
gene. Gene expression j represents the expression of
prognosis-related genes.
2.5. Prognostic Signature Evaluation and Gene Set
Enrichment Analysis (GSEA). In the training set, samples
were classiﬁed into high- and low-risk groups with the
median risk score of patients as the cut-oﬀ value. The R
package “survival” was utilized to plot survival curves of
high- and low-risk groups in the training set and the test
set, respectively. Then, survival status was observed. The R
package “timeROC” [15] was employed to draw receiver
operation characteristic (ROC) curves in two sets, respectively, thereby evaluating the performance of the prognostic
signature. Afterward, risk score was considered as a feature,
combined with common clinicopathological features (sex,
age, T staging, N staging, and tumor stage), univariate and
multivariate Cox regression analyses were done. Next, R
package “rms” [16], combined with clinical information of
patients and risk score, was utilized to draw a nomogram
of 3-year and 5-year survival. Finally, the R package “foreign”
(https://cran.r-project.org/web/packages/foreign/
index.html) was used to plot calibration curves to validate
performance of the nomogram. Besides, to investigate main
signaling pathways that variated across samples in high- and
low-risk groups, GSEA software was downloaded from website (http://www.gsea-msigdb.org/gsea/index.jsp) for analysis of the expression proﬁles of patients in high- and lowrisk groups [17].

3. Results
3.1. Statistical Analysis on Mutational Signature of Thyroid
Carcinoma. To probe the mutational signature of thyroid
carcinoma, R package “maftools” was utilized to visualize
mutation information of 487 samples from TCGA-THCA.
Waterfall plot revealed top 30 mutated genes in each sample
(Figure 1(a)). Missense mutation was the most common
(Figures 1(b) and 1(f)) in variant classiﬁcation; SNV was
the most common (Figure 1(c)) in variant type; the mutation
from C to T was the most common (Figure 1(d)) in SNV
class. Besides, the median of variants per sample was 6
(Figure 1(e)). The top 10 mutated genes were BRAF (59%),
NRAS (8%), HRAS (3%), TG (3%), TTN (2%), E1F1AX
(1%), USP9X (1%), MUC16 (1%), ATM (1%), and AKT1
(1%) (Figure 1(g)). To sum up, we believed that during the
progression of thyroid carcinoma, there was a speciﬁc trend
in the occurrence of mutations.
3.2. Correlation Analysis of TMB and Clinicopathological
Features. The number of somatic mutations per megabase
in the coding region of tumor genome is termed as TMB.
TMB value of each sample was calculated to investigate the
relationship between TMB and clinicopathological features
of patients. Then, thyroid carcinoma samples were classiﬁed
into high- and low-TMB groups per the upper quartile. Subsequently, survival curves were plotted and survival status in
high/low TMB groups was observed. As illustrated in
Figure 2(a), compared with high TMB group, survival of
patients in low TMB group was more favorable. Furthermore, the correlation of TMB and various clinicopathological features was analyzed. The results presented that TMB
was conspicuously upregulated in patients older than 65
(Figure 2(b)). TMB values in male patients were notably
higher than those in female patients (Figure 2(c)). TMB
values in patients in T3 − 4 were markedly higher than those
of patients in T1 − 2 (Figure 2(d)). TMB values in patients in
N1-3 were markedly higher than those of patients in N0
(Figure 2(e)). TMB values in patients in M1 were markedly
higher than those of patients in M0 (Figure 2(f)). TMB
values in patients in stage III-IV were remarkably higher
than those of patients in stage I-II (Figure 2(g)).
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Figure 3: DEGs and enrichment analyses. (a) Volcano map of DEGs in high- and low-TMB groups (red dots represent notably upregulated
genes; green dots represent notably downregulated genes). (b) Bubble chart of DEGs in GO enrichment analysis. The color of nodes with a
small p value tends to be red; as the number of genes in the enrichment term increases, the size of nodes also increases. (c) Results of KEGG
enrichment analysis of DEGs. The left half circle presents the genes enriched in each signaling pathway. Red represents upregulation, and
blue represents downregulation. The color of gene with a larger |logFC| tends to be darker. The right half circle represents the main enriched
signaling pathways, and each signal pathway is represented by a diﬀerent color.

3.3. DEGs and Enrichment Analyses. Samples with mRNA
expression data were classiﬁed into high-TMB group (130)
and low-TMB group (352) per the upper quartile of TMB.
DEGs were analyzed. A total of 381 DEGs were obtained
including 189 notably upregulated genes and 192 notably
downregulated genes (Figure 3(a)) (Supplementary
Table 1). Afterward, GO and KEGG enrichment analyses
were performed on 381 DEGs. GO enrichment analysis
revealed that these DEGs were mainly enriched in terms
such as muscle tissue development, collagen-containing
extracellular matrix, and receptor-ligand activity
(Figure 3(b)). KEGG enrichment analysis manifested that
these DEGs were mainly enriched in signaling pathways
such as protein digestion and absorption, pancreatic
secretion, endocrine and other factor-regulated calcium
reabsorption (Figure 3(c)). Thus, we speculated that these
DEGs were mainly involved in biological functions and
signaling pathways related to muscle tissue development.
3.4. Construction and Assessment of the Prognostic Signature.
Based on the above DEGs, to construct TMB-related prognostic signature for thyroid carcinoma, tumor samples from
the TCGA-THCA dataset were divided into the training set
(n = 350) and the test set (n = 151). To initially screen
survival-related genes, 33 survival-related genes were
obtained through univariate Cox regression analysis in the
training set (Supplementary Table 2). Next, LASSO Cox
regression analysis was conducted to further screen out 7

genes from 33 genes. Thus, genes that were too closely
related to each other were excluded (Figures 4(a) and
4(b)). Finally, based on the above 7 genes, a 5-gene
prognosis signature for thyroid carcinoma was established
via
multivariate
Cox
regression
analysis
(risk score = 0:5117 ∗ BMP8A + 0:1719 ∗ ADARB2 + 0:1205
∗ SALL3 + 0:4577 ∗ PPBP + 0:2235 ∗ SCN1A) (Figure 4(c)).
Afterward, based on the prognostic signature, risk score of
each sample in the training set was calculated. Patients
with thyroid carcinoma were divided into high- and lowrisk groups with the medium risk score of the training set
as the cut-oﬀ value. Survival of patients and expression of
5 feature genes were analyzed (Figures 4(d)–4(f)).
To assess the performance of the prognostic signature, as
well as its independence as a prognosticator, survival curves
were plotted in the training set and the test set. Subsequently, survival analysis on patients in high- and low-risk
groups was conducted. The results disclosed that survival
of patients in the low-risk group was conspicuously better
than those in the high-risk group (Figures 5(a) and 5(b)).
Then, ROC curves were drawn in the training set and the
test set to assess the performance of the prognostic signature.
As illustrated in Figures 5(c) and 5(d), the 3-year and 5-year
area under the curve (AUC) of the training set were 0.94 and
0.85, respectively. The 3-year and 5-year AUC of the test set
were 0.92 and 0.93, respectively. A good performance of the
prognostic signature was presented. Afterwards, combined
with common clinicopathological features, univariate and
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Figure 4: Prognostic signature construction. (a) The coeﬃcients of 33 survival-related genes in LASSO analysis changes as the penalty
parameter lambda changes. (b) In the LASSO regression model, when the optimal lambda is adjusted, the number of genes with a
nonzero coeﬃcient is seven. (c) Multivariate Cox regression analysis for generation of the 5-gene prognostic signature. (d) Heat map of
the expression of 5 feature genes in high- and low-risk groups. (e) The distribution chart of risk scores of patients with thyroid
carcinoma (red represents high-risk group, and green represents low-risk group). (f) The distribution chart of survival of patients with
diﬀerent risk scores (red represents the dead patients, and green represents the surviving patients).

multivariate Cox regression analyses were carried out on risk
scores of patients. The results presented that in univariate
Cox regression analysis, T staging, tumor stage, and risk score
were markedly correlated with patient’s prognosis. While in
multivariate Cox regression analysis, only risk score remarkably aﬀected patient outcomes (Figures 5(e) and 5(f)). Hence,
according to results of univariate and multivariate Cox regression analyses, risk score could be an independent prognostic
risk indicator. Finally, a nomogram was plotted to predict 3year and 5-year survival of patients with thyroid carcinoma
by combining various clinicopathological features and risk
scores (Figure 5(g)). Calibration curves were drawn to evaluate
the performance of the nomogram (Figures 5(h) and 5(i)). It
could be seen that 3-year and 5-year survival of patients could
be eﬀectively predicted by the nomogram.
3.5. GSEA. To inquiry about signaling pathways varied in
patients in high- and low-risk groups, GSEA was performed
on high- and low-risk groups. As presented in Figures 6(a)–
6(c), signiﬁcant diﬀerences showed in activation of signaling
pathways including nucleotide excision repair, mismatch
repair, and DNA replication in high- and low-risk groups.
In conclusion, diﬀerentially activated signaling pathways
may be responsible for prognosis diﬀerence between highand low-risk groups.

4. Discussion
Based on the TCGA-THCA dataset, this study carried out
statistical analysis on mutation information of thyroid carcinoma. BRAF gene mutation was the most common one.
BRAF, as a member of serine/threonine protein kinase family, participates in MAPK/ERK signaling pathway in cells,
and its mutation is related to thyroid canceration [18].
Numerous investigations mentioned high mutation rate of
BRAF gene in various thyroid carcinomas [19–22], wherein
T1799A nucleotide transversion is the most common oncogenic mutation of BRAF gene. This mutation leads to con-

version of the 600th valine of BRAF protein to glutamate,
which enhances the activity of serine/threonine protein
kinase of BRAF protein. Overall, both mutational signature
analysis in this study and earlier studies exhibited that mistranslation mutations of BRAF gene in thyroid carcinoma
mutations play a pivotal role in thyroid carcinogenesis.
TMB varies in diﬀerent solid tumors. In this study,
TMB of patients with thyroid carcinoma was in the range
of 0.02~1.63 (Supplementary Table 1). Nevertheless,
literature reported that 50% of patients with lung
squamous cell carcinoma and 71% of patients with
melanoma have a TMB greater than 10. Investigators
speculated that high TMB of the abovementioned solid
tumor patients mainly results from long-term exposure
to chronic mutagenic exposures (smoking or ultraviolet
radiation) and long-term superimposed mutations [3].
Notwithstanding the limited ﬂoating range of TMB in
thyroid carcinoma, our analysis illustrated a signiﬁcant
diﬀerence in survival time of patients in high and low
TMB groups. That is, the survival of patients in the high
TMB group is dismal (Figure 2(a)). As such, in 2020,
Xie et al. [7] supported the view through a series of
bioinformatics analyses that patients with papillary
thyroid carcinoma with high TMB have unfavorable
outcomes. Hence, combined our results with published
literature, we could speculate that the prognosis of
thyroid carcinoma patients with high TMB is poor.
According to American Joint Committee on Cancer
staging manual eighth edition, in the TNM staging of thyroid carcinoma, T3 of thyroid carcinoma is deﬁned as
tumor > 4 cm limited to the thyroid, or gross extrathyroidal
extension invading only strap muscles [23]. Meanwhile, a
study [24] pointed out that the probability of local recurrence can be predicted according to strap muscle invasion
of thyroid carcinoma. Hence, strap muscle invasion may
relate to malignancy of thyroid carcinoma. In this investigation, DEGs were obtained by diﬀerential expression analysis
on patients with high and low TMB. These genes were
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Figure 5: Evaluation of eﬃcacy and independence of the prognostic signature. (a) Survival analysis on the high- and low-risk groups in the
training set. (b) Survival analysis on the high- and low-risk groups in the test set. (c) In the training set, ROC curves were plotted based on
the prognostic signature. (d) In the test set, ROC curves were plotted based on the prognostic signature. (e) Combined with common
clinicopathological features, univariate Cox regression analysis was conducted on risk scores. (f) Combined with common
clinicopathological features, multivariate Cox regression analysis was conducted on risk scores. (g) Combined with common
clinicopathological features and risk score, a nomogram was plotted to predict 3-year and 5-year survival of patients. (h) and (i) The
performance of the nomogram was validated through calibration curves.

(a)

(b)

(c)

Figure 6: GSEA enrichment analysis in high- and low-risk groups. Enrichment of high- and low-risk groups in DNA replication pathway
(a), mismatch repair pathway (b), and nucleotide repair pathway (c).

subjected to GO and KEGG enrichment analyses, and the
results revealed that they were mainly enriched in biological
functions related to muscle tissue development. Based on

results of our analysis and published literature, we speculated that malignant progression of thyroid carcinoma
aﬀected the development of peri-thyroidal muscles.
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GSEA manifested that patients in high- and low-risk
groups mainly diﬀered in DNA repair. Most studies exhibited the same trend with our results. In 2020, Ricciuti et al.
[25] proposed that compared with the DDR-negative group,
patients in the DDR-positive group show higher TMB.
Besides, Chalmers et al. [26] indicated that mutations in
mismatch repair signaling pathways-related genes often
occur in high TMB cancers through an analysis of genomes
from 100,000 patients with diﬀerent cancers. These ﬁndings
exhibited that dismal prognosis of patients in the high-risk
group may be related to DDR-related gene mutations, which
are related to high TMB.
All in all, based on thyroid carcinoma data set from public
databases, this study performed statistical analysis on mutational signature of the disease. Samples were classiﬁed into
high and low TMB groups based on the mutation data. Then,
survival of patients in high and low TMB groups was compared, as well as common clinicopathological features. Meanwhile, DEGs of these two groups were subjected to GO and
KEGG enrichment analyses. Finally, based on the obtained
DEGs, a 5-gene prognostic signature was established by Cox
regression analysis and LASSO analysis. The performance
and independence of the prognostic signature were assessed.
High- and low-risk scores calculated by the signature were
subjected to GSEA. Although complete bioinformatics analyses were performed on thyroid carcinoma dataset and valuable
results were obtained, the study was insuﬃcient. For instance,
we failed to explore the role of the 5 feature genes (BMP8A,
ADARB2, SALL3, PPBP, and SCN1A) in onset and progression of thyroid carcinoma by molecular experiments, cell
experiments, or animal experiments. Hence, further experiments need to be designed to probe the impact of these genes
on malignant progression of thyroid carcinoma.

Data Availability
All data generated or analyzed during this study are included
in this published article.

Consent
All authors consent to submit the manuscript for publication.

Conflicts of Interest
The authors declare no conﬂicts of interest.

Authors’ Contributions
Conceptualization was done by Haodong Lu and Qian Liu.
Data collection was done by Qing Chang, Jinghai Du, and
Chunying Zhang. Data analysis was done by Wang Chang,
Haodong Lu, and Xin Guo. Draft was done by Haodong
Lu, Yaojie Hu, Shiguang Liu, and Guoshuai Tang. Writing–review and editing were done by Haodong Lu and Chunyou Chen. Haodong Lu and Qian Liu contributed equally.

Computational and Mathematical Methods in Medicine

Supplementary Materials
Supplementary 1. Supplementary Table 1: DEGs in highand low-TMB groups.
Supplementary 2. Supplementary Table 2: univariate Cox
regression analysis on TMB-related DEGs.

References
[1] M. E. Cabanillas, D. G. McFadden, and C. Durante, “Thyroid
cancer,” Lancet, vol. 388, no. 10061, pp. 2783–2795, 2016.
[2] A. Albero, J. E. Lopez, A. Torres, L. de la Cruz, and T. Martin,
“Eﬀectiveness of chemotherapy in advanced diﬀerentiated thyroid cancer: a systematic review,” Endocrine-Related Cancer,
vol. 23, no. 2, pp. R71–R84, 2016.
[3] D. Sha, Z. Jin, J. Budczies, K. Kluck, A. Stenzinger, and F. A.
Sinicrope, “Tumor mutational burden as a predictive biomarker in solid tumors,” Cancer Discovery, vol. 10, no. 12,
pp. 1808–1825, 2020.
[4] A. H. Nassar, R. Umeton, J. Kim et al., “Mutational analysis of
472 urothelial carcinoma across grades and anatomic sites,”
Clinical Cancer Research, vol. 25, no. 8, pp. 2458–2470, 2019.
[5] A. R. Parikh, Y. He, T. S. Hong et al., “Analysis of DNA damage response gene alterations and tumor mutational burden
across 17, 486 tubular gastrointestinal carcinomas: implications for therapy,” The Oncologist, vol. 24, no. 10, pp. 1340–
1347, 2019.
[6] P. A. Jeggo, L. H. Pearl, and A. M. Carr, “DNA repair, genome
stability and cancer: a historical perspective,” Nature Reviews
Cancer, vol. 16, no. 1, pp. 35–42, 2016.
[7] Z. Xie, ,X. Li, Y. Lun et al., “Papillary thyroid carcinoma with a
high tumor mutation burden has a poor prognosis,” International Immunopharmacology, vol. 89, article 107090, 2020.
[8] Y. Liu, L. Wu, H. Ao et al., “Prognostic implications of
autophagy-associated gene signatures in non-small cell lung
cancer,” Aging, vol. 11, no. 23, pp. 11440–11462, 2019.
[9] Y. Guo and Y. He, “Comprehensive analysis of the expression
of SLC30A family genes and prognosis in human gastric cancer,” Scientiﬁc Reports, vol. 10, no. 1, p. 18352, 2020.
[10] S. Sui, ,X. An, C. Xu et al., “An immune cell inﬁltration-based
immune score model predicts prognosis and chemotherapy
eﬀects in breast cancer,” Theranostics, vol. 10, no. 26,
pp. 11938–11949, 2020.
[11] A. Mayakonda, D. C. Lin, Y. Assenov, C. Plass, and H. P. Koefﬂer, “Maftools: eﬃcient and comprehensive analysis of
somatic variants in cancer,” Genome Research, vol. 28,
no. 11, pp. 1747–1756, 2018.
[12] T. M. Therneau and P. M. Grambsch, “Statistics for biology
and health,” Modeling Survival Data: Extending the Cox
Model, 2013, https://www.springer.com/gp/book/
9780387987842.
[13] M. D. Robinson, “edgeR: a bioconductor package for diﬀerential expression analysis of digital gene expression data,” Bioinformatics, vol. 26, no. 1, pp. 139-140, 2010.
[14] G. Yu and L. G. Wang, “clusterProﬁler: an R package for comparing biological themes among gene clusters,” OMICS,
vol. 16, no. 5, pp. 284–287, 2012.
[15] P. Blanche, J. F. Dartigues, and H. Jacqmin-Gadda, “Estimating and comparing time-dependent areas under receiver operating characteristic curves for censored event times with

Computational and Mathematical Methods in Medicine

[16]

[17]

[18]

[19]

[20]

[21]

[22]
[23]

[24]

[25]

[26]

competing risks,” Statistics in Medicine, vol. 32, no. 30,
pp. 5381–5397, 2013.
C. Huang, Z. Liu, L. Xiao et al., “Clinical signiﬁcance of serum
CA125, CA19-9, CA72-4, and ﬁbrinogen-to-lymphocyte ratio
in gastric cancer with peritoneal dissemination,” Frontiers in
Oncology, vol. 9, p. 1159, 2019.
A. Subramanian, P. Tamayo, V. K. Mootha et al., “Gene set
enrichment analysis: a knowledge-based approach for interpreting genome-wide expression proﬁles,” Proceedings of the
National Academy of Sciences of the United States of America,
vol. 102, no. 43, pp. 15545–15550, 2005.
A. Prete, P. Borges de Souza, S. Censi, M. Muzza, N. Nucci, and
M. Sponziello, “Update on fundamental mechanisms of thyroid cancer,” Frontiers in Endocrinology, vol. 11, p. 102, 2020.
N. Hayashida, H. Namba, A. Kumagai et al., “A rapid and simple detection method for the BRAF(T1796A) mutation in ﬁneneedle aspirated thyroid carcinoma cells,” Thyroid, vol. 14,
no. 11, pp. 910–915, 2004.
K. H. Kim, D. W. Kang, S. H. Kim, I. O. Seong, and D. Y. Kang,
“Mutations of the BRAF gene in papillary thyroid carcinoma
in a Korean population,” Yonsei Medical Journal, vol. 45,
no. 5, pp. 818–821, 2004.
J. W. Shay, N. Homma, R. Zhou et al., “Abstracts from the 3rd
International Genomic Medicine Conference (3rd IGMC
2015),” BMC Genomics, vol. 17, Supplement 6, p. 487, 2016.
M. Xing, “BRAF mutation in thyroid cancer,” EndocrineRelated Cancer, vol. 12, no. 2, pp. 245–262, 2005.
N. D. Perrier, J. D. Brierley, and R. M. Tuttle, “Diﬀerentiated
and anaplastic thyroid carcinoma: major changes in the American joint committee on cancer eighth edition cancer staging
manual,” CA: A Cancer Journal for Clinicians, vol. 68, no. 1,
pp. 55–63, 2018.
M. Amit, M. Boonsripitayanon, R. P. Goepfert et al., “Extrathyroidal extension: does strap muscle invasion alone inﬂuence recurrence and survival in patients with diﬀerentiated
thyroid cancer?,” Annals of Surgical Oncology, vol. 25, no. 11,
pp. 3380–3388, 2018.
B. Ricciuti, G. Recondo, L. F. Spurr et al., “Impact of DNA
damage response and repair (DDR) gene mutations on eﬃcacy
of PD-(L)1 immune checkpoint inhibition in non-small cell
lung cancer,” Clinical Cancer Research, vol. 26, no. 15,
pp. 4135–4142, 2020.
Z. R. Chalmers, C. F. Connelly, D. Fabrizio et al., “Analysis of
100,000 human cancer genomes reveals the landscape of
tumor mutational burden,” Genome Medicine, vol. 9, no. 1,
p. 34, 2017.

13

