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Abstract
Background: Thyroid cancer is the most common malignant tumor of the endocrine system. Long non-
coding RNAs (lncRNAs) have been demonstrated as novel biomarkers for cancer prognosis.

Methods: In this study, we performed differential expression analysis of lncRNA expression pro�les in
GEO datasets. LASSO regression analysis was conducted to identify lncRNA-based prognosis model that
can predict progression-free survival in thyroid cancer patients from The Cancer Genome Atlas (TCGA).
Further functional analysis revealed the potential biological functions of the lncRNAs.

Results: A risk score model based on six lncRNA biomarkers were established after LASSO Cox regression
analysis. The prognostic value of the 6-lncRNA prognosis model was successfully validated and ROC
curves was analysed. Patients were classi�ed into high- and low-risk groups using the 6-lncRNA
signature-based risk score. Patients in the low-risk group had signi�cantly better progression-free survival
than high-risk group. The result of multivariate analysis showed that the six-lncRNA signature was
independent from clinical features such as age, gender and stage. GO and KEGG enrichment analysis and
estimation of immune in�ltration suggested that the lncRNAs might closely associated with
tumorigenesis.

Conclusion: Our study has constructed a novel six-lncRNA prognosis model to improve progression-free
survival prediction in patients with thyroid cancer.

Background
Thyroid cancer (TC) is the most common endocrine malignancy cancerand its incidence is increasing [1-
3]. It is estimated that about 90,000 new thyroid cancer cases and 6,800 thyroid cancer death in China in
2015 [4]. Papillary thyroid carcinoma (PTC) is the most common thyroid cancer subtype, usually
characterized by slow proliferation and rare distant metastatic spread, causing a favorable prognosis for
most patients [5]. In recent decades, there has been a huge improvement in early diagnosis and raising
survival rate with the development of molecular diagnoses and targeted therapies. However, nearly 5% of
thyroid cancers behave aggressively and are associated with distant metastasis. The tumorigenic
processes of thyroid cancer have not yet been completely unraveled. The major clinical challenge
remains to �nd effective molecular biomarkers that correlate with thyroid cancer prognosis to extend
survival time of thyroid cancer patients.

Additionally, overdiagnosis and overtreatment are common problems associated with indolent diseases.
The screening and identi�cation of indolent TC and the treatment of these over-diagnosed cancers can
increase the risk of injury to patients [6, 7]. Therefore, the use of effective and sensitive biomarkers to
identify speci�c thyroid cancer patients and provide personalized treatment has become an urgent need.
In the last decade, a growing body of studies have demonstrated the utility and superiority of long non-
coding RNAs (lncRNAs) as novel biomarkers for cancer diagnosis, prognosis, and therapy [8]. However,
our understanding of the prognostic value of lncRNAs is still very limited.
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The purpose of this study was to explore the clinical value of lncRNA risk prediction model in thyroid
cancer. We performed differently expression analysis of lncRNA expression pro�les in two GEO datasets.
Then we systematically investigate the prognostic value of lncRNAs in The Cancer Genome Atlas (TCGA)
project. In the training cohort, we identi�ed a set of six lncRNAs demonstrating an ability to stratify
patients into high- and low-risk groups with signi�cantly different progression-free survival (PFS) in 244
TCGA TC patients. The six-lncRNA signature was successfully validated on TCGA cohort of 244 patients,
and we evaluated the speci�city and sensitivity of the model by ROC curve analysis. We further used
multivariate analysis which suggested that the six-lncRNA risk prediction model is independent of clinical
features. The results of KEGG and GO pathway enrichment analysis showed the potential pathways these
lncRNAs may affect. We also investigated the differences in immune cell proportions between high- and
low-risk score groups.

Material And Methods
Patient Data Sets and screening of differentially expressed lncRNAs

The GSE33630 and GSE29265 datasets was downloaded from the GEO database
(https://www.ncbi.nlm.nih.gov/geo/). GSE33630 contains 60 thyroid carcinomas and 45 normal thyroids,
while GSE29265 contains 29 thyroid carcinomas and 20 normal thyroids. Both two datasets was based
on GPL570 platform ([HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array). The expression
value of lncRNAs was compared between tumor and normal tissues by LIMMA package. |log2 fold-
change (FC)| > 1 and P-value <0.05 were used as cut-off criteria.

Clinical information of patients with thyroid cancer was assessed from The Cancer Genome Atlas (TCGA)
project (https://cancergenome.nih.gov/). A total of 488 TCGA thyroid cancer patients with both lncRNA
expression pro�les and clinical follow-up information were utilized in our study. The PFS data was
downloaded from the UCSC Xena website (https://xena.ucsc.edu/). The detailed clinical features of
cohorts were listed in Table 1.

Table 1: Patient characteristics from TCGA database.
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Characteristics Training dataset (n=244) Validation dataset (n=244) Overall (n=488)

Age

≤60 188 200 388

>60 56 44 100

Survival status

DiseaseFree 218 223 441

Recurred/Progressed 26 21 47

Gender

Female 185 173 358

Male 59 71 130

pT

T1 60 91 141

T2 86 75 161

T3 83 77 166

T4 9 9 18

pN

N0 106 119 225

N1 112 104 216

pM

M0 130 143 273

M1 4 4 8

pStage

Stage I 129 150 279

Stage II 27 23 50

Stage III 59 47 106

Stage IV 28 23 51

Construction of prognostic biomarkers

We carried out Lasso-penalized Cox regression based on differently expression lncRNAs to construct the
model for prediction of PFS. All the thyroid cancer patients in TCGA cohort were partitioned into a training
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cohort including 244 samples for identifying prognostic lncRNA signature and building prognostic risk
model, and a testing cohort including other 244 samples for validating its prognostic value. The study
�owchart is shown in Figure 1.

The LASSO Cox regression model was analysed using the ‘glmnet’ package and the optimal λ was
chosen through cross-validation routine with 10-fold cross-validation (Supplementary Figure 1A). Based
on the cut-off of the median risk score, the patients were divided into high- and low-risk groups.

Survival analysis and cox regression

To assess the independence of our risk prediction model, we performed univariate and multivariate Cox
regression analyses. The receiver-operator characteristics (ROC) and nomogram were established based
on the results of risk model. Kaplan-Meier (K-M) curve analysis was used to evaluate the PRS between
high- and low-risk groups. Kaplan-Meier method was also performed in the patients strati�ed by age,
gender and stage to verify the predictive value of risk model and clinical features.

Function enrichment analysis

The differently expressed mRNAs (DEmRNAs) was identi�ed in the same patient group of TCGA datasets
which satis�ed the threshold criteria of log2|fold change|>1.0 and P-value<0.05. The co-expression
relationships between the lncRNAs in risk model and DEprotein-coding genes were calculated using
Pearson correlation coe�cients with the cut-off value was >0.6 or <-0.6. Gene Ontology(GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) enrichment analysis of the DEmRNAs were performed to
explore the potential biological function using the ‘clusterPro�ler’ package
(https://bioconductor.org/packages/release/bioc/html/clusterPro�ler.html).

Estimation of immune in�ltration score

To explore the differences of immune cell subtypes, we assess the proportions of 22 types of in�ltrating
immune cells using CIBERSORT algorithm [9]. The percentage of each type of immune cell in the samples
was calculated based on expression data. Mann-Whitney U test was used to compare immune cell
subtypes in the high- and low-risk groups.

Statistical analysis

R software (version = 3.6.1) was used for all statistical tests. T‐test for continuous variables and χ2 test
for categorical variables were performed to assess the relationship between the clinical features.
Univariate and multivariate Cox regression analyses were performed to verify if the risk score calculated
from the expression level of lncRNAs were independent of other clinical characteristics. P<0.05 was
considered statistically signi�cant.

Results
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Indenti�cation of DElncRNAs between thyroid tumor and normal tissues. A �ow chart of the analysis
procedure was developed to describe our study (Figure 1). In this study, differently expressed lncRNAs
(DElncRNAs) were identi�ed from two datasets of GSE33630 and GSE29265 after standardization of the
microarray data. Based on the cutoff criteria of |log2 FC| > 1 and P-value <0.05, a total of 30 DElncRNAs
were identi�ed, including 9 up-regulated and 21 down-regulated lncRNAs. The results were presented in
heatmap and volcano plots as showed in Supplementary Figure 2.

Establishment of a six-lncRNA risk model associated with TC survival

We adopted Lasso-penalized Cox analysis to narrow the lncRNAs for prediction of the PFS among the
pool of DElncRNAs. Six candidate lncRNAs were selected to build the predictive model. Accordingly, the
risk score was calculated with the coe�cients weighted by the LASSO penalized regression, as risk
score=(-0.0146×expression of LINC01204) + (0.0661×expression of AC100810.1) + (0.1470×expression
of AC009120.2) + (-0.1420×expression of AC090617.5) + (-0.0537×expression of LINC00511) +
(0.0514×expression of AJ009632.2). The risk score for each patient was calculated and all patients were
classi�ed into either high- or low-risk score group based on the median value of risk score. Patients in the
lower-risk group had signi�cantly better PFS than higher-risk group. The accuracy of the 6-lncRNA risk
prediction model was assessed by calculating the AUCs in the training, validation datasets and all TCGA
samples (Figure 2).

The AUCs for the lncRNA risk model in training and validation stage were 0.617 and 0.570, while AUC of
all TCGA samples was 0.594. We also constructed a nomogram to forecast the PRS in thyroid cancer
patients which integrating conventional risk factors like age, gender and stage (Supplementary Figure
1B).

Moreover, univariate Cox regression analysis was performed on the training and validation set
respectively to evaluate the independent prognostic value of the risk score. According to the results
(Figure 3), the risk score based on 6 lncRNAs was able to effectively predict the PRS of TC patients.
Multivate Cox regression analysis demonstrated that the 6-lncRNA risk model was an independent risk
factor when adjusting for the other clinical features (Figure 3).

To further access the predictive value of the 6-lncRNA risk model and clinical features, the patients were
strati�ed by age, gender and stage, the lasso-score was still a signi�cant prognostic model for patients in
the high-risk group with poorer prognosis (Figure 4).

Functional Analysis

To explore the function of the 6-lncRNA model, we examined the differently expressed mRNAs in the
same patient group with the threshold criteria of |log2FC| > 1.0 and P-value < 0.05. The co-expressed
lncRNA-mRNA pairs was identi�ed by calculating the Pearson correlation coe�cients. DEmRNAs
correlated with at least one of the lncRNAs in the model were included in the following analysis (Pearson
correlation coe�cient>0.60). We performed gene ontology (GO) enrichment analysis and Kyoto



Page 7/16

encyclopedia of genes and genomes (KEGG) pathway analysis on these DEmRNAs to investigate the
biological roles of these lncRNAs. The top 20 GO and KEGG terms were visualized in Figure 5.

High and low risk score groups showed differential immune cells expression (Supplementary Figure 3).
Compared with low-risk patients, high-score group contained higher proportion of CD8 T cells, NK cells,
Monocytes, Macrophages M2. The proportions of naive B cells, CD4 T cells, active and resting Dendritic
cells were relatively higher in low-risk patients.

Discussion
The incidence of thyroid cancer has been increasing all over the world. Although most thyroid cancer
patients have a benign prognosis but some patients suffer from locoregional or distant tumor recurrence
[10]. In recent years, long non‐coding RNAs have been reported that they have complex biological
functions and may regulate proteins involved in tumorigenesis [11, 12]. An increasing number of studies
proved that LncRNAs can act as a tumor suppressor genes or oncogenes and play an important role in
tumor progress, proliferation, migration and epigenetic regulation [13, 14]. Various lncRNAs were
demonstrated to be associated with thyroid cancer such as MALAT1, H19, BANCR, HOTAIR, which can be
used as novel biomarkers for early diagnosis and treatment [15].

In this study, we established and validated a 6-lncRNA risk prediction model, including LINC01204,
AC100810.1, AC009120.2, AC090617.5, LINC00511 and AJ009632.2, to predict PFS for patients with
thyroid cancer. Based on microarray data from GEO database, we identi�ed aberrantly expressed lncRNAs
between tumor and normal tissues. After LASSO regression analysis in training set, six lncRNAs were
selected to construct the prognostic prediction model for PFS. Patients with lower lasso-score have better
survival prognosis than those with high lasso-score. To further illustrate the robustness of the six-lncRNA
risk model, the prognostic value was further validated using the rest TCGA patients. The result of
validation dataset con�rmed the good reproducibility in predicting patients’ outcome. The six-lncRNA
signature was independent of age, gender and stage according to the results of multivariate analysis in
training, validation and all TCGA samples. When patients were strati�ed by clinical features, K-M survival
analysis showed that the risk model remains the same predictive power in different groups.

Our study established 6-lncRNA-based risk model for PFS which is associated with the prognosis of
thyroid cancer. However, most of the lncRNAs in this model have not been functionally annotated and the
biological functions remain unclear. Only AC100810.1 and AC009120.2 were reported to be associated
with prognosis of cancer patients in previous studies. AC100810.1 was identi�ed as one of immune-
related lncRNAs with prognostic value of breast cancer patients by Zheng et al [16]. Wang et al.
developed and veri�cated an immune-related lncRNA signature including AC009120.2 which can
accurately determine the prognosis of patients with bladder cancer [17]. Since the in�ltration of immune
cells in TME plays a crucial role on cancer progression and patient prognosis [18, 19], we performed
CIBERSORT algorithms and found signi�cant difference of the immune cell in�ltration between high- and
low- risk score groups.
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We conducted correlation analysis between lncRNAs in our prognosis model and the differently
expressed mRNAs in TCGA. The KEGG pathway enrichment analysis suggested that the co-expressed
mRNAs were enriced in Spliceosome, RNA polymerase and TNF signaling pathway. The GO enrichment
analysis demonstrated that mRNAs associated with the six lncRNAs mainly involved in RNA splicing,
spliceosomal complex and DNA-templated transcription. These �ndings might generate a cheap
molecular test but the sample size of our study was limited. The value of this model need to be assessed
in further cohort studies.

Conclusion
we developed a 6-lncRNAs prognostic model to predict progression-free survival for patients with thyroid
cancer. Our results may lead to a useful predictive model to classify risk subgroups for thyroid cancer
patients.
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Figure 1

Flowchart of the identi�cation of the six-lncRNA expression signature.
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Figure 2

Kaplan-Meier and ROC analyses in the training, testing groups and entire TCGA dataset. 
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Figure 3

The Cox regression analysis for evaluating the independent prognostic value of the risk score.
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Figure 4

Strati�cation analysis by age and gender. Kaplan-Meier curve analysis of PRS in high- and low-risk
groups for young patients (a) and old patients (b). Kaplan-Meier curve analysis of PRS in high- and low-
risk groups for male patients (c) and female patients (d). Kaplan-Meier curve analysis of PRS in high- and
low-risk groups for patients with different clinical stage (e,f).
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Figure 5

Functional enrichment analysis of the six-lncRNA risk model based on co-expressed mRNAs. A The top
10 Signi�cantly enriched KEGG pathways. B Top10 GO terms of each sub-class in GO enrichment
analysis.
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