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ABSTRACT
Thyroid cancer (TC) is the most prevalent malignancy of the endocrine system.
PANoptosis, a newly discovered cell death pathway, is of interest in tumor research.
However, the relationship between PANoptosis-related lncRNAs (PRlncRNAs) and
TC remains unclear. The study aimed to develop a prognostic model based on
PRlncRNAs in TC. Gene expression data of PANoptosis-associated genes and
clinical information on TC from The Cancer Genome Atlas (TCGA) database were
analyzed by Pearson correlation analysis, univariate/multivariate Cox analysis, and
Lasso Cox regression analysis. A PRlncRNA signature was constructed and used to
develop a nomogram to predict overall survival (OS). We further explored the
correlation between the risk score and tumor immune microenvironment, immune
checkpoints, and drug sensitivity. Moreover, we verified the expression and biological
function of lncRNAs in TC cell lines. Finally, seven PRlncRNAs were used to
construct a prognostic model for predicting the OS of TC patients. We found that the
risk score was associated with the tumor microenvironment (TME) and the
expression of critical immune checkpoints. In addition, we screened for drugs that
high- or low-risk TC groups might be sensitive to. Quantitative real-time polymerase
chain reaction (qRT-PCR) results showed differential expression of four PRlncRNAs
(GAPLINC, IDI2-AS1, LINC02154, and RBPMS-AS1) between tumor and normal
tissues. Besides, a GEO database (GSE33630) was used to verify the expression
differences of PRLncRNAs in THCA tissues and normal tissues. Finally, RBPMS-AS1
was found to inhibit the proliferation and migration of TC cells. In conclusion, we
developed a PANoptosis-related lncRNA prognostic risk model that offers a
comprehensive understanding of TME status in patients with TC and establishes a
foundation for the choice of sensitive medications and immunotherapy.
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INTRODUCTION
Thyroid cancer (TC) is the most prevalent malignancy of the endocrine system, and its
incidence has rapidly increased worldwide in recent years (Lim et al., 2017). Owing to
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advances in surgery and radioiodine therapy, most patients with TC usually have a
relatively good prognosis; however, patients with advanced TC, especially
iodine-refractory TC, still lack effective treatment strategies, with a 10-year survival rate of
only 10% (Durante et al., 2006). Despite the existence of some biomarkers of prognosis for
TC, accurate prediction of progression in patients with thyroid cancer remains difficult.
Therefore, supplementing and improving traditional risk stratification methods for TC
patients remains an urgent problem.

With the development of second-generation sequencing, long non-coding RNA
(lncRNA) has been studied widely. lncRNAs are a category of noncoding RNAs containing
over 200 nucleotides that are primarily transcribed by RNA enzyme II and lack an evident
open reading frame (Li et al., 2016). These lncRNAs primarily regulate cellular function,
including cancer development and progression (Rao, Rajkumar & Mani, 2017). Emerging
studies have found that lncRNA expression has significant tissue- and disease-specificity,
making it a potential biomarker for early tumor development (Tornesello et al., 2020). Guo
et al. (2022) revealed that a model composed of seven prognostic lncRNAs of papillary
thyroid cancer (PTC). Qin et al. (2022) validated a signature supported by four
Ferroptosis-related lncRNAs as predictive markers for TC. Numerous studies have shown
that lncRNAs influence TC prognosis, which means that we could develop a more accurate
TC biomarker based on lncRNAs.

Programmed cell death (PCD) is a pathological form of cell death induced by an
intrinsic program, the most well-defined of which are apoptosis, pyroptosis, and
necroptosis. Apoptosis is a widely studied cell death mechanism activated by the initiator
cysteine-8/10 and the downstream effectors cysteine-3 and -7 (Fleisher, 1997). When
apoptosis is ineffective, pyroptosis or necroptosis becomes an alternative PCD pathway for
eliminating cancer cells (Bertheloot, Latz & Franklin, 2021). Pyroptosis is executed by
members of the gasdermin family, whereas necroptosis is mediated through
receptor-interacting protein kinase 3 (RIPK3)-dependent mixed lineage kinase-like
(MLKL) oligomerization (Frank & Vince, 2019). In 2019, Malireddi, Kesavardhana &
Kanneganti (2019) observed for the first time that apoptosis, pyroptosis, and necrosis are
not independent cell death pathways as commonly recognized but have potential
interactions and named the combined inflammatory cell death “PANoptosis”. Most
importantly, PANoptosis cannot be explained by any of these three PCD pathways alone.
Recently, accumulating evidence has shown that PANoptosis plays a critical role in cancer
(Karki et al., 2020, 2021). The goals of the present study were to develop a clinical
prediction model based on PANoptosis-related lncRNAs, which may cast light on
designing and improving therapeutic strategies.

METHODS
Functional analysis of PANoptosis-related genes
Based on previous literature and databases, we identified 35 PANoptosis-related genes
(PRGs) (Table S1). The selected PRGs were characterized by Gene ontology (GO) and
Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment utilizing the
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“clusterprofiler” package of R software (version 4.0.5; R Core Team, 2021). The results were
visualized and plotted with the help of “enrichplot” and “ggplot2” packages.

Identification of PANoptosis-related lncRNAs
Gene expression data of 571 TC samples (512 tumor and 59 normal) and matching clinical
data of 507 TC patients (Patients with incomplete tracking data were not included) were
acquired from The Cancer Genome Atlas (TCGA) databank (https://portal.gdc.cancer.
gov/). The expression data is available at https://www.jianguoyun.com/p/
DeqNJTAQ9pbeCxjIxY0FIAA, and clinical data are listed in Table S2. To identify
PRlncRNAs, Pearson correlation was used to determine the correlation between lncRNAs
and PRGs in the present study. Correlation coefficient |R2| > 0.4 and p < 0.001 were used as
inclusion criteria for PRlncRNAs. The differentially expressed LncRNAs in TC were
obtained using the “limma” package.

Establishment of the prognostic model
We randomly distributed all TC patients in the TCGA dataset into the training set
(n = 256) and the test set (n = 256) in a 1:1 ratio, and the training set was used for model
construction. Data from the test set and entire set were utilized to estimate the
performance of the prognostic model. The “Survival” package was applied to conduct
univariate/multivariate Cox analysis for PRlncRNAs with p-value ≤ 0.05. Subsequently, we
determine the optimal prediction model by means of the least absolute choice operator
(LASSO) (Simon et al., 2011). The risk scores of individual patients were computed by
incorporating the expression level of lncRNAs in the model and the regression coefficient
in the multivariate analysis. The formula is as follows: Σcoefficient of (PRlncRNAi) ×
expression of (PRlncRNAi).

Validation of model
The samples were categorized as high- or low-risk according to their average risk scores.
Kaplan–Meier method was used for survival analysis of high-risk and low-risk groups.
The “pheatmap” package was used to map the risk profile, survival status, and lncRNA
expression heat map of the groups. The “survivalROC” and “timeROC” packages were
used to plot the Receiver Operating Characteristic (ROC) curve and the Area Under the
Curve (AUC) to determine the level of accuracy of the signature. Univariate and
multivariate Cox regression analyses were performed to verify whether the predictive
signature was an independent prognostic variable for Overall Survival (OS). Using the
“rms” R package (Iasonos et al., 2008), we combined the OS of TC patients with age,
gender, and tumor stage to create a nomogram. A calibration curve was used to test the
agreement between the actual results and model predictions according to the
Hosmer–Lemeshow test. To compare the accuracy, we calculated the consistency index (c-
index) and restricted mean survival (RMS) of the published models (Guo et al., 2022; Qin
et al., 2022;Ding et al., 2022; Liu et al., 2022; Shan et al., 2022) and the model we developed.
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Gene enrichment analysis
To explore the molecular and biological differences between these two groups, the KEGG
and HALLMARK gene sets referenced by the molecular signature database (https://www.
gsea-msigdb.org/gsea/msigdb/index.jsp) were analyzed by the “clusterProfiler” package in
the TCGA cohort (p < 0.05, FDR < 0.25). Single-sample GSEA (ssGSEA) was conducted
for significant gene sets using the “GSVA” package (Hänzelmann, Castelo & Guinney,
2013).

Estimation of tumor-infiltrating immune cells
THCA immune cell infiltration assessment data were were firstly estimated by the Tumor
Immune Estimation Resource (http://timer.cistrome.org/). Based on the TCGA database
expression data, we applied the TIMER (Li et al., 2017), CIBERSORT (Newman et al.,
2015), CIBERSORT-ABS, QUANTISEQ, MCPcounter (Dienstmann et al., 2019), xCELL
(Aran, Hu & Butte, 2017), and EPIC (Racle & Gfeller, 2020) algorithms to obtain the cell
composition for the TCGA-THCA dataset samples by R software (Table S3). This enabled
comparison of immune cell subpopulations in the groups. ssGSEA was also performed
using the “GSVA” packages in R to compare the immune-cell infiltration in the groups.
ImmuneScore, StromalScore, and ESTIMATEScore (ImmuneScore + StromalScore) were
quantified for each patient using the “limma” and “estimate” packages in R. Finally, the
“ggpubr” package in R was used to map immune checkpoints for risk groups (Charoentong
et al., 2017).

Clusters based on prognostic PRlncRNAs
Given the PRlncRNA expression associated with the risk signature, we obtained two
subtypes using the “ConsensusClusterPlus” package in R. We then evaluated the
differences in immune cell infiltration and immune scores between the two subtypes.

Drug sensitivity prediction
The accuracy of the signature in forecasting the response to common antitumor drugs on
TC was also evaluated. To determine the therapeutic response, the half inhibitory
concentration (IC50) of each sample was estimated with the help of the “pRRophetic”
package (Geeleher, Cox & Huang, 2014). Lower IC50 values indicate higher drug
sensitivity. The Wilcoxon test was used to calculate the p-values of differences in drug
sensitivity.

Quantitative PCR
Ten paired tumor and para-tumor TC tissue samples were acquired from Qilu Hospital of
Shandong University. Our study was approved by the Research Ethics Committee of Qilu
Hospital of Shandong University (Approval Number: KYLL-2017(KS)-248), and all
patients signed a written informed consent form. RNA was isolated from tissues with the
total RNA extraction reagent TRIzol (DP424; TIANGEN Biotech, Beijing, China).
The obtained RNA was then reverse-transcribed to cDNA using HiScript II Reverse
Transcriptase (Vazyme, Nanjing, China). Quantitative PCR assays were performed using a
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Bio-Rad C1000 Thermal Cycler with SYBR Green Master Mix (Q711; Vazyme Biotech,
Nanjing, China), and expression levels were calculated using the 2−ΔΔCt method. β-actin
was used as a standard control. The primers designed for qRT-PCR were obtained from
Sangon Biotech (Shanghai, China). And the sequences are presented in Table S4.

Cell culture and transfection
The human thyroid cell lines TPC-1 (RRID: CVCL_6298) was obtained from the Stem Cell
Bank, Chinese Academy of Sciences (Shanghai, China). The PTC cell line BHP10-3 (RRID:
CVCL_6278) were supplied by Qilu Hospital of Shandong University (Zhang et al., 2019).
TPC-1 and BHP10-3 cells were cultured in Roswell Park Memorial Institute (RPMI 1640)
complete medium (Shanghai Institute of Biological Sciences, Shanghai, China) at 37 �C in
an incubator with a constant temperature and 5% CO2. The cells were dispersed in six Well
Cell Culture Plates and transfected the following day. The overexpression plasmid was
obtained from MiaoLing Plasmid Platform (Wuhan, China). When the cell density
reached approximately 70%, 2,000 ng of negative control or plasmid was transfected into
cells using LipofectamineTM 2000 Transfection Reagent (11668019; Invitrogen, Waltham,
MA, USA). After 6 h, the medium was replaced with 2 mL of complete medium. After 24 h
of transfection, cells were collected for subsequent experiments.

Proliferation and migration assay
After 24 h of transfection, the cells were evenly distributed in 96-well plates, five parallel
replicate wells were set for each group, and 10 mL of CCK-8 reagent was added on days 1, 2,
and 3. The absorbance was measured at 450 and 630 nm, which represents the cell growth
rate. Thyroid cancer cells (5 × 104) transfected with RBPMS-AS1 overexpression plasmid
or negative control were introduced to the upper chamber of Transwell plates in 200 mL
serum-free culture medium, and 800 mL medium comprising 10% fetal bovine serum was
introduced into the lower chamber as an inducer. After 24 h, the migrated cells were
washed with PBS, fixed in methanol, stained with 1% crystal violet, and non-migrating
cells in the upper chamber were removed with a cotton swab. At least four randomly
selected fields were observed and counted under a microscope (Olympus, Tokyo, Japan).

Wound healing assay
The cells were incubated in 6-well plates. When the cells were cultured to 80% confluence,
a 200 mL pipette tip was used to create a scratch. The cells were then washed with PBS and
placed in serum-deficient medium for an additional 24 h. The wound healing area at 0 and
24 h was recorded using a microscope (Olympus, Tokyo, Japan).

RESULTS
Functional enrichment analysis of PANoptosis-related genes
From the previous literature, we obtained 35 PRGs. Based on GO analysis, PRGs primarily
participate in biological processes (BP), such as the positive regulation of cytokine
production, positive regulation of response to external stimulus, and response to virus. GO
analysis of cellular components (CC) revealed that PRGs were mainly positioned in the
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membrane raft, membrane microdomain, and inflammasome complex. According to
molecular function (MF), PRGs mostly carried out the cytokine receptor binding function
(Figs. 1A, 1B). KEGG enrichment analysis showed that the selected PRGs were mainly
involved in signaling pathways including the NOD-like receptor signaling pathway,
Influenza A-mediated pathways, and necroptosis (Figs. 1C, 1D).

Construction of the PANoptosis-related lncRNAs predictive signature
in TC
Using Pearson correlation analysis, we recognized 2,192 PANoptosis-related lncRNAs
(PRlncRNAs). The Sankey Diagram (Yue et al., 2022) shows the relationship between
PRGs and lncRNAs (Fig. S1A). We then obtained 819 differentially expressed PRlncRNAs
between the normal and tumor samples (log2|FC| > 1, FDR < 0.05). The volcano map is
shown in Fig. 2A. Univariate Cox analysis were performed to investigate the link between
lncRNA expression and survival. The analysis indicated that 24 lncRNAs were significantly
correlated with the OS of TC patients (Fig. 2B). Notably, 21 PRlncRNAs were “risk” genes,
while only LINC0115, DPP4-DT, and RBPMS-AS1 could be considered “protective”

Figure 1 Functional enrichment analysis of PANoptosis-related genes. (A, B) Gene ontology analysis.
(C, D) KEGG pathway enrichment analysis. Full-size DOI: 10.7717/peerj.15884/fig-1
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Figure 2 Construction of the PRlncRNA predictive signature in thyroid cancer (TC). (A) Volcano
plot of differentially expressed PRlncRNAs in TC. (B) Forest plots of the univariate Cox regression
analysis for 23 PRlncRNAs. (C) Heatmap shows the expression of the prognostic PRlncRNAs in normal
and tumor. (D, E) LASSO Cox regression analyzing and multivariate Cox regression analyzing. (F) The
correlations between the PANoptosis-related genes and the seven prognostic PRlncRNAs.

Full-size DOI: 10.7717/peerj.15884/fig-2
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genes. The heatmap visualizes PRlncRNA expression in normal and tumor samples
(Fig. 2C). LASSO Cox regression analysis was conducted to select and validate prognostic
lncRNAs (Figs. 2D, 2E). Finally, the multivariate Cox regression analysis selected seven
PRlncRNAs for the construction of the risk signature. A PANoptosis-related prognostic
lncRNA signature for TC was created by merging the regression factors and expressive
values of seven lncRNAs: IDI2-AS1, LINC02154, DPP4-DT, RBPMS-AS1, C5orf34-AS1,
LINC01705, and GAPLINC (Fig. 1F). The expression of the seven lncRNAs was closely
correlated with PRGs (Fig. 2F).

Evaluating the predictive capacity of the risk signature
To examine the efficacy of the model, the patients in the public database were assigned to
training and validation cohorts. The basic information of the patients in both sets is listed
in Table 1. Based on the risk score, the patients in each set were classified into high-risk and
low-risk groups. Patients in the high-risk group had poor survival according to the
Kaplan–Meier curve analysis (p < 0.001) (Fig. 3A). Figures 4B and 4C show the survival
status, distribution of patients, and the mortality rate increased with risk scores. Both
testing and the entire set suggested a poor prognosis in high-risk patients (Figs. 3F–3H,
3K–3M). Furthermore, ROC was used to validate the risk signature. The AUC values of
this risk signature were 1.000, 0.986, and 0.882 for 1, 3, and 5 years respectively, suggesting

Table 1 The basic information of TCGA-THCA.

Variables Type Total Test Train P value

Age <=65 433 (85.91%) 225 (89.29%) 208 (82.54%) 0.0405

>65 71 (14.09%) 27 (10.71%) 44 (17.46%)

Gender Female 369 (73.21%) 184 (73.02%) 185 (73.41%) 1

Male 135 (26.79%) 68 (26.98%) 67 (26.59%)

Stage Stage I 283 (56.15%) 155 (61.51%) 128 (50.79%) 0.1161

Stage II 52 (10.32%) 23 (9.13%) 29 (11.51%)

Stage III 112 (22.22%) 49 (19.44%) 63 (25%)

Stage IV 55 (10.91%) 24 (9.52%) 31 (12.3%)

Unknow 2 (0.4%) 1 (0.4%) 1 (0.4%)

T T1 143 (28.37%) 70 (27.78%) 73 (28.97%) 0.2742

T2 166 (32.94%) 85 (33.73%) 81 (32.14%)

T3 170 (33.73%) 88 (34.92%) 82 (32.54%)

T4 23 (4.56%) 7 (2.78%) 16 (6.35%)

Unknow 2 (0.4%) 2 (0.79%) 0 (0%)

M M0 282 (55.95%) 145 (57.54%) 137 (54.37%) 0.4656

M1 9 (1.79%) 3 (1.19%) 6 (2.38%)

Unknow 213 (42.26%) 104 (41.27%) 109 (43.25%)

N N0 229 (45.44%) 118 (46.83%) 111 (44.05%) 0.5106

N1 225 (44.64%) 108 (42.86%) 117 (46.43%)

Unknow 50 (9.92%) 26 (10.32%) 24 (9.52%)
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Figure 3 Prognostic evaluation of risk signature. K-M survival curves, survival time and survival status, 1-, 3-, and 5-year receiver operating
curves, heat maps of seven lncRNA expressions in the training (A–E), testing (F–J), and the entire sets (K–O), respectively.

Full-size DOI: 10.7717/peerj.15884/fig-3
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Figure 4 K-M survival analysis of patients with different clinicopathological features. (A) Patients with MALE. (B) Patients with FEMALE. (C)
Patients with age �65. (D) Patients with T1–T2. (E) Patients with T3–T4. (F) Patients with N0. (G) Patients with N1. (H) Patients with M0. (I)
Patients in stages III–IV. Full-size DOI: 10.7717/peerj.15884/fig-4
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good predictive power (Fig. 3D). In addition, the ROC analysis results had high accuracy
for both the testing set and the entire set (Figs. 3I, 3M). Figures 3E, 3J and 3O depict the
heat maps of the expression levels of the seven PRlncRNAs in all sets.

Association of clinicopathological factors with PRlncRNAs risk
signature
To verify the predictive effect on patients with different clinicopathologic variables,
patients with TC were stratified in terms of age, gender, and clinical stage. Patients in the
high-risk group had notably shorter OS in all subgroups of age (≤65 years), gender (female
or male), TNM stage (T1-2 or T3-4, N0 or N1, M0), and clinical stage (stage–III–IV)
(Fig. 4). Moreover, the model demonstrated the highest sensitivity and specificity
compared to other clinical variables such as age, gender, grade, and stage in all sets (Figs.
5A–5C). To better assess the independent forecasting capacity of the signature, the
Univariate/Multivariate Cox regression analyses were conducted on risk scores and patient
clinical data. Univariate Cox regression analysis revealed that age, stage, and risk scores
acted as independent prognostic indicators (p < 0.001; Fig. 5D), while multivariate
independent prognostic analysis showed that only age and risk scores acted as independent
prognostic factors for TC patients (p < 0.001; Fig. 6E). We then incorporated risk scores
with clinical factors and plotted a predictive nomogram for patients with TC (Fig. 5F).
Combined with the calibration plots, it was observed that the predicted OS was consistent
with the actual observations (Fig. 5G). In addition, a comparison of the c-index and the
RMS of seven previously reported risk models shows that the developed model has a
significant advantage (Figs. 5H, 5I). Therefore, the risk signature showed high performance
in predicting OS in patients with TC in the TCGA dataset.

Discovery of the association between tumor‑infiltrating immune cells
and risk signature
We explored the underlying differences in signaling pathways between the risk groups by
Gene Set Enrichment Analysis (GSEA). GSEA of the Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathways showed that the enriched pathways in the high-risk group
involved ABC transporters, ECM-receptor interaction pathway, hedgehog signaling
athway, primary bile acid biosynthesis, and tryptophan metabolism (Fig. 6A). Conversely,
the accumulated pathways in the group at low risk included DNA replication, Nucleotide
excision repair, Ribosome, and Spliceosome (Fig. 6B).

To elucidate the relationship between the tumor immune microenvironment (TME)
and the risk signature, we performed an analysis of RNA microarray data to explore the
correlation between risk characteristics and immune cells. The bar graph shows the
association between risk score and tumor-infiltrating immune cells (Fig. 6C). The XCELL
algorithm results showed that the risk score was significantly positively correlated with B
cell plasma, plasmacytoid dendritic cells, and T cell regulatory cells (Tregs), while it was
positively correlated with T cell CD4+ Th1, CD8+, and mast cells. The results of the
QUANTISEQ algorithm showed that the risk score was significantly positively correlated
with regulatory T cells (Tregs), while negatively correlated with macrophage M1,
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Figure 5 Independent prognostic factor assessment and nomogram construction. (A–C) Area under the curve (AUC) of receiver operating
characteristic (ROC) curves comparing the predictive accuracy of risk score and other prognostic factors in training, validation, and overall groups.
(D, E) Univariate and multifactorial Cox analyses of clinicopathologic factors and risk score with overall survival (OS). (F) The nomogram for the
prediction of 1-, 3-, and 5-year OS. (G) The calibration plots of the 1-, 3- and 5-year nomograms. (H) The comparison of C-index among risk
models. (I) The comparison of restricted mean survival (RMS) among risk models. Full-size DOI: 10.7717/peerj.15884/fig-5
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neutrophils, etc. The EPIC algorithm showed that the risk score was positively correlated
with cancer-associated fibroblasts and negatively correlated with macrophages and NK
cells. To better explore the immune status between the two groups, we evaluated the
stromal score, the immune score, and the estimated score (Fig. 6D). Subsequently, we
investigated the variations between the risk points and tumor infiltrating immune cells
using ssGSEA. The scores for B cells, macrophages, and T helper cells were markedly
higher in the group at high risk (Fig. 6E). Furthermore, we observed that there was a
considerable difference (p < 0.001) between the groups in immune checkpoints such as
IDO2, CD44, CD40, HHLA2, ADOARA2A, and CD80 (Fig. 6F).

Figure 6 Differences in tumor immune microenvironment between low and high-risk groups. (A, B)
Gene set enrichment analysis of KEGG in high-risk and low-risk groups. (C) The immune cell bubble of
risk groups. (D) The box plots comparing StromalScore, ImmuneScore, and ESTIMATEScore between
low and high-risk groups. (E) The single-sample gene set enrichment analysis (ssGSEA) scores of
immune cells. (F) The difference of common immune checkpoint expression in the risk groups. �p < 0.05,
��p < 0.01, ���p < 0.001. Full-size DOI: 10.7717/peerj.15884/fig-6
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Cluster analysis according to prognostic PRlncRNAs
In an effort to evaluate the immune microenvironment and response of different subtypes,
cluster analysis was performed to obtain clustered subtypes. On the basis of the seven
PRlncRNAs, we divided the patients into two subtypes by applying the
ConsensusClusterPlus package (Fig. 7A). As shown in the Sankey diagram (Fig. 7B), most
of the low-risk patients were grouped in cluster 1, whereas the majority of the high-risk
patients were assigned to cluster 2. Survival analysis showed that patients in subgroup 1
had a superior OS (p < 0.001) (Fig. 7C). Based on the cluster analysis, the relationship
between the different clusters and TME were examined. Box plots show that cluster 1 had
higher immune, stromal, and ESTIMATE scores than cluster 2 (Fig. 7D). The heat map
shows the variation in immune cell infiltration across different tumor clusters (Fig. 7E).

Drug sensitivity in the PANoptosis-related LncRNA signature
We further explored the differences in drug resistance between the risk groups.
We investigated the IC50 values of 80 chemotherapy drugs and inhibitors in both groups.
The values of six typical drugs are shown in Fig. 8. Low-risk patients had substantially
lower IC50 values for Imatinib, Sunitinib, Pazopanib, Mitomycin C, 5-Fluorouracil, and
tipifarnib, suggesting that the drugs may be eligible for the treatment of patients in the
low-risk group. In contrast, drugs such as Bortezomib and Phenformin showed better
effects in the high-risk group. This means that candidate immunotherapeutic candidates
for patients can be identified with TC based on their risk scores.

Assessing the expression and biological function of PRLncRNAs
Among the PRLncRNAs, we verified the gene levels of four lncRNAs in pairs of samples
obtained from patients with TC in our center. Comparable expression patterns were
observed in the clinical samples (Figs. 9A–9D). GAPLINC showed increased expression in
tumor tissues (T) compared to in normal tissues (N), whereas RBPMS-AS1, IDI2-AS1, and
LINC02154 showed lower expression levels. In addition, we also used a GEO database
(GSE33630) to verify the expression differences of PRLncRNAs between thyroid cancer
and normal tissues. However, we were able to obtain only the expression of RBPMS-AS1,
IDI2-AS1, and GAPLINC because of limited data from the sequencing platform (Fig. 9E).
As shown in Fig. S2, the RNA expression of RBPMS-AS1 was successfully upregulated in
both cell lines after transfection. Functionally, its role in regulating TC cell proliferation
was tested using the Cell Counting Kit-8 (CCK-8) assay (Fig. 9F). Overexpression of
RBPMS-AS1 inhibited the proliferation of BHP10-3 cells significantly but did not affect
TPC-1 cell growth (Fig. 9E). By wound healing assay and transwell experiments, the
overexpression of RBPMS-AS1 decreased the migration ability of the two TC cell lines
significantly (Figs. 9G, 9H).

DISCUSSION
Thyroid cancer is the most prevalent malignancy of the endocrine system and is highly
heterogeneous in terms of morphological features and prognosis (Bray et al., 2018).
In clinical practice, the diagnosis and treatment of TC has shown promising efficacy.
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Figure 7 Cluster analysis. (A) Patients were stratified into two clusters. (B) Sankey diagram; (C) K-M survival curves of overall survival (OS) in
clusters. (D) Immune, stromal, and ESTIMATE scores in clusters. (E) Heatmap of immune cells in clusters.

Full-size DOI: 10.7717/peerj.15884/fig-7
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However, owing to the high rate of postoperative recurrence, patients still do not have a
satisfactory prognosis. Thus, there is a great need to explore new biomarkers for screening
high-risk groups and individual treatments. PANoptosis is a newly recognized mode of

Figure 8 Drug sensitivity and correlation analysis. (A–F) The IC50 of Imatinib, Tipifarnib, Pazopanib,
Sunitinib, Bortezomib, and Phenformin in high-risk and low-risk groups. (G–L) The correlation of
Imatinib, Tipifarnib, Pazopanib, Sunitinib, Bortezomib, and Phenformin with the risk score.

Full-size DOI: 10.7717/peerj.15884/fig-8
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Figure 9 Validation of the expression and biological function of PRlncRNAs. (A–D) Expression analysis of GAPLINC, IDI2-AS1, LINC02154,
and RBPMS-AS1 in 10 pairs of thyroid cancer tissue samples. (E) GAPLINC, IDI2-AS1, and RBPMS-AS1 expression in THCA tissues and normal
tissues in GEO database. (F) The cell proliferation capacity of BHP10-3 cells after the overexpression of RBPMS-AS1. (G) Wound healing assays
were used to assess the migration ability of BHP10-3 and TPC-1 cells after overexpression of RBPMS-AS1. (H) Transwell assays were used to assess
the migration ability of two cell lines after overexpression of RBPMS-AS1. �p < 0.05, ��p < 0.01, ���p < 0.001, and ����p < 0.0001.

Full-size DOI: 10.7717/peerj.15884/fig-9
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inflammatory cell death characterized by the interaction of apoptosis, pyroptosis, and
necroptosis and has been shown to be present in a variety of diseases (Wang & Kanneganti,
2021). In 2020, Karki et al. (2020) found that activation of IRF1-dependent “PANoptosis”
in a mouse model of colorectal cancer could prevent AOM/DSS-induced colorectal
carcinogenesis. In addition, accumulating evidence suggests that a broad range of
programmed cell death processes, including apoptosis, pyroptosis, and necroptosis, play
an important role in TC (Holm et al., 2022). Most of the research on PANoptosis has
focused on molecular mechanisms. However, few researchers have investigated the
prognostic value of PRGs in tumors. Therefore, there is an urgent need to construct
prognostic models based on the crucial lncRNAs of TC to guide prognostic treatment and
management.

In this study, RNA-seq data of PRLncRNAs and related clinical data were obtained from
TCGA database. First, we performed KEGG and GO enrichment analyses using the 35
PRGs that were mainly involved in apoptosis, pyroptosis, and necroptosis pathways.
By Cox regression analyses, we identified seven lncRNAs for building a PANoptosis-
related lncRNA risk model. Based on the risk scores, we stratified the TC patients into
high- and low-risk groups. Survival analysis verified a statistically meaningful prognostic
difference between groups (p < 0.001). Univariate and multivariate Cox regression analyses
showed that the model could independently predict OS in THCA (p < 0.001). According to
the ROC curves, the signature was more accurate and reliable than other clinical
characteristics, and the AUC value of the test set at 1 year was 1.000. Compared with
previously reported RNA or lncRNA risk models for TC, our signature is more powerful
according to the c-index and RMS.

In recent years, with advancements in genomic technologies, many noncoding genes
have been identified to have key roles in tumorigenesis and evolution. Among the seven
PRlncRNAs, five lncRNAs (IDI2-AS1, LINC02154, C5orf34-AS1, LINC01705, and
GAPLINC) were poor prognostic factors for TC, while the other two lncRNAs (DPP4-DT
and RBPMS-AS1) were protective factors. Yue et al. (2022) demonstrated that LINC02154
has an imperative effect on the progression of hepatocellular carcinoma by increasing the
activity of the SPC24 promoter and triggering the PI3K-AKT signaling pathway (Yue et al.,
2022). According to Du et al. (2020), LINC01705 is a crucial oncogene that prevents
apoptosis and accelerates proliferation of breast cancer cells (Du et al., 2020). Hu et al.
(2021) revealed that DPP4 gene knockdown inhibits proliferation and epithelial-
mesenchymal transition in PTC cells through suppressing the MAPK pathway (Hu et al.,
2021). RBPMS-AS1 enhances radiosensitivity and apoptosis, which facilitate regulation of
GBM cell proliferation (Li et al., 2022). Xu et al. (2022) reported that IDI2-AS1 is a
potential prognostic marker for uveal melanoma. The results are in line with our own
findings and further demonstrate their reliability.

To further explore the role of the seven PRlncRNAs in TC, we compared
tumor-infiltrating immune cells between the groups. The results showed that patients in
the group at high risk had a significantly higher level of immune cells, such as B cells,
macrophages, and T helper cells. A previous study showed that macrophages promote
tumor growth and metastasis by secreting various cytokines (Vlaicu et al., 2013). B-cell
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infiltration has diagnostic and prognostic value for PTC lymph node metastases (Yang
et al., 2021). Meanwhile, we observed a notable decrease in the immune, stromal, and
ESTIMATE scores in the high-risk group. Therefore, these results suggest that the
signature has predictive capacity to reflect the immune infiltration of TC and may provide
a reference for immunotherapy.

Moreover, we verified the expression of four lncRNAs (GAPLINC, IDI2-AS1,
LINC02154, and RBPMS-AS1) in tumor and adjacent normal tissues, which was
consistent with the expression of PRlncRNAs in the database. Of note, RBPMS-AS1, as a
protective factor, was expressed less in TC. We then overexpressed RBPMS-AS1 in two
types of TC cell lines and found that their migration and proliferation abilities were largely
inhibited. The expression and biological function of PRlncRNAs were in line with our
previous analysis.

In summary, this is the first study to use bioinformatics to construct a prognostic risk
model for TC using PRlncRNAs. Our work may provide predictive tools for immune and
targeted therapy for patients with TC. Although our PRlncRNA risk model achieved
promising results in THCA, it still has some limitations. Our signature was established
using the TCGA database only, lacking further verification of external datasets.
The predictive effect of the model is yet to be validated in a large cohort of thyroid cancer
patients. In addition, bioinformatics analysis is the main basis of our study, and the
mechanism by which PRlncRNAs affect TC progression is uncertain. Therefore, our study
provides new insights into the possible designs of PANoptosis-related drugs to treat
thyroid cancer. The molecular mechanisms underlying the role of PRlncRNAs in thyroid
cancer remain to be further elucidated in the future.

CONCLUSION
In conclusion, this analysis was the first to identify seven PANoptosis-related lncRNAs
(IDI2-AS1, LINC02154, DPP4-DT, RBPMS-AS1, C5orf34-AS1, LINC01705, and
GAPLINC) in TC. Furthermore, the constructed model can accurately predict OS of TC
and guide targeted drugs, which holds promise for predicting the immune infiltration of
tumors and guiding targeted drug therapy.

ACKNOWLEDGEMENTS
We sincerely appreciate everyone involved in this work, as well as the public database.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
This study was supported by grants from the Natural Science Foundation of Shandong
Province (No. ZR2021LZL003). The funders had no role in study design, data collection
and analysis, decision to publish, or preparation of the manuscript.

Li et al. (2023), PeerJ, DOI 10.7717/peerj.15884 19/23

http://dx.doi.org/10.7717/peerj.15884
https://peerj.com/


Grant Disclosures
The following grant information was disclosed by the authors:
Natural Science Foundation of Shandong Province: ZR2021LZL003.

Competing Interests
The authors declare that they have no competing interests.

Author Contributions
� Ruowen Li conceived and designed the experiments, performed the experiments,
analyzed the data, prepared figures and/or tables, authored or reviewed drafts of the
article, and approved the final draft.

� Mingjian Zhao analyzed the data, authored or reviewed drafts of the article, and
approved the final draft.

� Min Sun performed the experiments, authored or reviewed drafts of the article, and
approved the final draft.

� Chengxu Miao analyzed the data, prepared figures and/or tables, and approved the final
draft.

� Jinghui Lu conceived and designed the experiments, authored or reviewed drafts of the
article, and approved the final draft.

Human Ethics
The following information was supplied relating to ethical approvals (i.e., approving body
and any reference numbers):

The Qilu Hospital of Shandong University granted Ethical approval to carry out the
study within its facilities (Ethical Application Ref: KYLL-2017(KS)-248).

Data Availability
The following information was supplied regarding data availability:

Code and raw data are available in the Supplemental Files.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj.15884#supplemental-information.

REFERENCES
Aran D, Hu Z, Butte AJ. 2017. xCell: digitally portraying the tissue cellular heterogeneity

landscape. Genome Biology 18(1):220 DOI 10.1186/s13059-017-1349-1.

Bertheloot D, Latz E, Franklin BS. 2021. Necroptosis, pyroptosis and apoptosis: an intricate game
of cell death. Cellular & Molecular Immunology 18(5):1106–1121
DOI 10.1038/s41423-020-00630-3.

Bray F, Ferlay J, Soerjomataram I, Siegel RL, Torre LA, Jemal A. 2018. Global cancer statistics
2018: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185
countries. CA: A Cancer Journal for Clinicians 68(6):394–424 DOI 10.3322/caac.21492.

Charoentong P, Finotello F, Angelova M, Mayer C, Efremova M, Rieder D, Hackl H,
Trajanoski Z. 2017. Pan-cancer immunogenomic analyses reveal genotype-immunophenotype

Li et al. (2023), PeerJ, DOI 10.7717/peerj.15884 20/23

http://dx.doi.org/10.7717/peerj.15884#supplemental-information
http://dx.doi.org/10.7717/peerj.15884#supplemental-information
http://dx.doi.org/10.7717/peerj.15884#supplemental-information
http://dx.doi.org/10.1186/s13059-017-1349-1
http://dx.doi.org/10.1038/s41423-020-00630-3
http://dx.doi.org/10.3322/caac.21492
http://dx.doi.org/10.7717/peerj.15884
https://peerj.com/


relationships and predictors of response to checkpoint blockade. Cell Reports 18(1):248–262
DOI 10.1016/j.celrep.2016.12.019.

Dienstmann R, Villacampa G, Sveen A, Mason MJ, Niedzwiecki D, Nesbakken A, Moreno V,
Warren RS, Lothe RA, Guinney J. 2019. Relative contribution of clinicopathological variables,
genomic markers, transcriptomic subtyping and microenvironment features for outcome
prediction in stage II/III colorectal cancer. Annals of Oncology 30(10):1622–1629
DOI 10.1093/annonc/mdz287.

Ding Y, Li P, WangW, Liu F. 2022. A potential four-gene signature and nomogram for predicting
the overall survival of papillary thyroid cancer. Disease Markers 2022:8735551
DOI 10.1155/2022/8735551.

Du C, Zhang JL, Wang Y, Zhang YY, Zhang JH, Zhang LF, Li JR. 2020. The long non-coding
RNA LINC01705 regulates the development of breast cancer by sponging miR-186-5p to
mediate TPR expression as a competitive endogenous RNA. Frontiers in Genetics 11:779
DOI 10.3389/fgene.2020.00779.

Durante C, Haddy N, Baudin E, Leboulleux S, Hartl D, Travagli JP, Caillou B, Ricard M,
Lumbroso JD, De Vathaire F, Schlumberger M. 2006. Long-term outcome of 444 patients with
distant metastases from papillary and follicular thyroid carcinoma: benefits and limits of
radioiodine therapy. The Journal of Clinical Endocrinology & Metabolism 91(8):2892–2899
DOI 10.1210/jc.2005-2838.

Fleisher TA. 1997. Apoptosis. Annals of Allergy, Asthma & Immunology 78(3):245–249
DOI 10.1016/S1081-1206(10)63176-6.

Frank D, Vince JE. 2019. Pyroptosis versus necroptosis: similarities, differences, and crosstalk. Cell
Death and Differentiation 26(1):99–114 DOI 10.1038/s41418-018-0212-6.

Geeleher P, Cox N, Huang RS. 2014. pRRophetic: an R package for prediction of clinical
chemotherapeutic response from tumor gene expression levels. PLOS ONE 9(9):e107468
DOI 10.1371/journal.pone.0107468.

Guo C, Li H, Pan N, Xu S, Zeng Q, Zhou B, Wang J. 2022. Identification of prognostic signature
with seven LncRNAs for papillary thyroid carcinoma. Advances in Medical Sciences
67(1):103–113 DOI 10.1016/j.advms.2021.11.001.

Hänzelmann S, Castelo R, Guinney J. 2013. GSVA: gene set variation analysis for microarray and
RNA-seq data. BMC Bioinformatics 14(1):7 DOI 10.1186/1471-2105-14-7.

Holm TM, Yeo S, Turner KM, Guan JL. 2022. Targeting autophagy in thyroid cancer: EMT,
apoptosis, and cancer stem cells. Frontiers in Cell and Developmental Biology 10:821855
DOI 10.3389/fcell.2022.821855.

Hu X, Chen S, Xie C, Li Z, Wu Z, You Z. 2021. DPP4 gene silencing inhibits proliferation and
epithelial-mesenchymal transition of papillary thyroid carcinoma cells through suppression of
the MAPK pathway. Journal of Endocrinological Investigation 44(8):1609–1623
DOI 10.1007/s40618-020-01455-7.

Iasonos A, Schrag D, Raj GV, Panageas KS. 2008. How to build and interpret a nomogram for
cancer prognosis. Journal of Clinical Oncology 26(8):1364–1370 DOI 10.1200/JCO.2007.12.9791.

Karki R, Sharma BR, Lee E, Banoth B, Malireddi RKS, Samir P, Tuladhar S, Mummareddy H,
Burton AR, Vogel P, Kanneganti TD. 2020. Interferon regulatory factor 1 regulates
PANoptosis to prevent colorectal cancer. JCI Insight 5(12):e136720
DOI 10.1172/jci.insight.136720.

Karki R, Sundaram B, Sharma BR, Lee S, Malireddi RKS, Nguyen LN, Christgen S, Zheng M,
Wang Y, Samir P, Neale G, Vogel P, Kanneganti TD. 2021. ADAR1 restricts ZBP1-mediated

Li et al. (2023), PeerJ, DOI 10.7717/peerj.15884 21/23

http://dx.doi.org/10.1016/j.celrep.2016.12.019
http://dx.doi.org/10.1093/annonc/mdz287
http://dx.doi.org/10.1155/2022/8735551
http://dx.doi.org/10.3389/fgene.2020.00779
http://dx.doi.org/10.1210/jc.2005-2838
http://dx.doi.org/10.1016/S1081-1206(10)63176-6
http://dx.doi.org/10.1038/s41418-018-0212-6
http://dx.doi.org/10.1371/journal.pone.0107468
http://dx.doi.org/10.1016/j.advms.2021.11.001
http://dx.doi.org/10.1186/1471-2105-14-7
http://dx.doi.org/10.3389/fcell.2022.821855
http://dx.doi.org/10.1007/s40618-020-01455-7
http://dx.doi.org/10.1200/JCO.2007.12.9791
http://dx.doi.org/10.1172/jci.insight.136720
http://dx.doi.org/10.7717/peerj.15884
https://peerj.com/


immune response and PANoptosis to promote tumorigenesis. Cell Reports 37(3):109858
DOI 10.1016/j.celrep.2021.109858.

Li W, Cui Y, Ma W, Wang M, Cai Y, Jiang Y. 2022. LncRNA RBPMS-AS1 promotes NRGN
transcription to enhance the radiosensitivity of glioblastoma through the microRNA-301a-3p/
CAMTA1 axis. Translational Oncology 15(1):101282 DOI 10.1016/j.tranon.2021.101282.

Li T, Fan J, Wang B, Traugh N, Chen Q, Liu JS, Li B, Liu XS. 2017. TIMER: a web server for
comprehensive analysis of tumor-infiltrating immune cells. Cancer Research 77(21):e108–e110
DOI 10.1158/0008-5472.CAN-17-0307.

Li J, Tian H, Yang J, Gong Z. 2016. Long noncoding RNAs regulate cell growth, proliferation, and
apoptosis. DNA and Cell Biology 35(9):459–470 DOI 10.1089/dna.2015.3187.

Lim H, Devesa SS, Sosa JA, Check D, Kitahara CM. 2017. Trends in thyroid cancer incidence and
mortality in the United States, 1974–2013. JAMA 317(13):1338–1348
DOI 10.1001/jama.2017.2719.

Liu R, Cao Z, Pan M, Wu M, Li X, Yuan H, Liu Z. 2022. A novel prognostic model for papillary
thyroid cancer based on epithelial-mesenchymal transition-related genes. Cancer Medicine
11(23):4703–4720 DOI 10.1002/cam4.4836.

Malireddi RKS, Kesavardhana S, Kanneganti TD. 2019. ZBP1 and TAK1: master regulators of
NLRP3 inflammasome/pyroptosis, apoptosis, and necroptosis (PAN-optosis). Frontiers in
Cellular and Infection Microbiology 9:406 DOI 10.3389/fcimb.2019.00406.

Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, Hoang CD, Diehn M,
Alizadeh AA. 2015. Robust enumeration of cell subsets from tissue expression profiles. Nature
Methods 12(5):453–457 DOI 10.1038/nmeth.3337.

Qin Y, Zhang D, Zhang H, Hou L, Wang Z, Yang L, Zhang M, Zhao G, Yao Q, Ling R, Zhang J.
2022. Construction of a ferroptosis-related five-lncRNA signature for predicting prognosis and
immune response in thyroid carcinoma. Cancer Cell International 22(1):296
DOI 10.1186/s12935-022-02674-z.

Racle J, Gfeller D. 2020. EPIC: a tool to estimate the proportions of different cell types from bulk
gene expression data. Methods in Molecular Biology 2120:233–248
DOI 10.1007/978-1-0716-0327-7.

Rao AKDM, Rajkumar T, Mani S. 2017. Perspectives of long non-coding RNAs in cancer.
Molecular Biology Reports 44(2):203–218 DOI 10.1007/s11033-017-4103-6.

R Core Team. 2021. R: A language and environment for statistical computing. Version 4.0.5.
Vienna: R Foundation for Statistical Computing. Available at https://www.r-project.org.

Shan Y, He R, Yang X, Zang S, Yao S, Gao M, Li S, Yin Z. 2022. An autophagy-related lncRNA
prognostic risk model for thyroid cancer. European Archives of Oto-Rhino-Laryngology
279(3):1621–1631 DOI 10.1007/s00405-021-07134-4.

Simon N, Friedman J, Hastie T, Tibshirani R. 2011. Regularization paths for cox’s proportional
hazards model via coordinate descent. Journal of Statistical Software 39(5):1–13
DOI 10.18637/jss.v039.i05.

Tornesello ML, Faraonio R, Buonaguro L, Annunziata C, Starita N, Cerasuolo A, Pezzuto F,
Tornesello AL, Buonaguro FM. 2020. The role of microRNAs, long non-coding RNAs, and
circular RNAs in cervical cancer. Frontiers in Oncology 10:150 DOI 10.3389/fonc.2020.00150.

Vlaicu P, Mertins P, Mayr T, Widschwendter P, Ataseven B, Högel B, Eiermann W, Knyazev P,
Ullrich A. 2013. Monocytes/macrophages support mammary tumor invasivity by co-secreting
lineage-specific EGFR ligands and a STAT3 activator. BMC Cancer 13(1):197
DOI 10.1186/1471-2407-13-197.

Li et al. (2023), PeerJ, DOI 10.7717/peerj.15884 22/23

http://dx.doi.org/10.1016/j.celrep.2021.109858
http://dx.doi.org/10.1016/j.tranon.2021.101282
http://dx.doi.org/10.1158/0008-5472.CAN-17-0307
http://dx.doi.org/10.1089/dna.2015.3187
http://dx.doi.org/10.1001/jama.2017.2719
http://dx.doi.org/10.1002/cam4.4836
http://dx.doi.org/10.3389/fcimb.2019.00406
http://dx.doi.org/10.1038/nmeth.3337
http://dx.doi.org/10.1186/s12935-022-02674-z
http://dx.doi.org/10.1007/978-1-0716-0327-7
http://dx.doi.org/10.1007/s11033-017-4103-6
https://www.r-project.org
http://dx.doi.org/10.1007/s00405-021-07134-4
http://dx.doi.org/10.18637/jss.v039.i05
http://dx.doi.org/10.3389/fonc.2020.00150
http://dx.doi.org/10.1186/1471-2407-13-197
http://dx.doi.org/10.7717/peerj.15884
https://peerj.com/


Wang Y, Kanneganti TD. 2021. From pyroptosis, apoptosis and necroptosis to PANoptosis: a
mechanistic compendium of programmed cell death pathways. Computational and Structural
Biotechnology Journal 19(3):4641–4657 DOI 10.1016/j.csbj.2021.07.038.

Xu Y, Tian R, Liu X, Song M, Liu L, Guo R, Li Z, Hu X, Zhang H. 2022. Identification of
prognostic fatty acid metabolism lncRNAs and potential molecular targeting drugs in Uveal
Melanoma. Computational and Mathematical Methods in Medicine 2022:3726351
DOI 10.1155/2022/3726351.

Yang Z, Yin L, Zeng Y, Li Y, Chen H, Yin S, Zhang F, Yang W. 2021. Diagnostic and prognostic
value of tumor-infiltrating B cells in lymph node metastases of papillary thyroid carcinoma.
Virchows Archiv 479(5):947–959 DOI 10.1007/s00428-021-03137-y.

Yue H, Wu K, Liu K, Gou L, Huang A, Tang H. 2022. LINC02154 promotes the proliferation and
metastasis of hepatocellular carcinoma by enhancing SPC24 promoter activity and activating the
PI3K-AKT signaling pathway. Cellular Oncology 45(3):447–462
DOI 10.1007/s13402-022-00676-7.

Zhang C, Lv B, Yi C, Cui X, Sui S, Li X, Qi M, Hao C, Han B, Liu Z. 2019. Genistein inhibits
human papillary thyroid cancer cell detachment, invasion and metastasis. Journal of Cancer
10(3):737–748 DOI 10.7150/jca.28111.

Li et al. (2023), PeerJ, DOI 10.7717/peerj.15884 23/23

http://dx.doi.org/10.1016/j.csbj.2021.07.038
http://dx.doi.org/10.1155/2022/3726351
http://dx.doi.org/10.1007/s00428-021-03137-y
http://dx.doi.org/10.1007/s13402-022-00676-7
http://dx.doi.org/10.7150/jca.28111
http://dx.doi.org/10.7717/peerj.15884
https://peerj.com/

	Construction and validation of a PANoptosis-related lncRNA signature for predicting prognosis and targeted drug response in thyroid cancer ...
	Introduction
	Methods
	Results
	Discussion
	Conclusion
	flink6
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


