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Abstract
Background: Immune cells account for a large proportion of the tumour microenvironment in anaplastic thyroid
carcinomas (ATCs). However, the expression pattern of immune-related genes (IRGs) in ATCs is unclear. Our study
aimed to identify an immune-related signature indicating the dedifferentiation of thyroid cells.
Methods: We compared the differences in thyroid differentiation score (TDS), infiltration of immune cells and
enriched pathways between ATCs and papillary thyroid carcinomas (PTCs) or normal thyroid tissues in the Gene
Expression Omnibus database. Univariate and multivariable Cox analyses were used to screen prognosis-associated
IRGs in The Cancer Genome Atlas database. After constructing a risk score, we investigated its predictive value
for differentiation and survival by applying receiver operating characteristic and Kaplan–Meier curves. We further
explored its associations with important immune checkpoint molecules, infiltrating immune cells and response to
immunotherapy.
Results: Compared with PTCs or normal thyroid tissues, ATCs exhibited lower TDS values and higher enrichment
of immune cells and activation of the inflammatory response. The quantitative analyses and immunohistochemical staining validated that most ATC cell lines and ATC tissues had higher expression of MMP9 and lower expression
of SDC2 than normal thyroid samples and PTC. Higher risk scores indicates dedifferentiation and a worse prognosis.
Additionally, the risk score was positively correlated with the immune checkpoint molecules PDL1, CTLA4, IDO1, and
HAVCR2 and infiltration of multiple immune cells. Importantly, we found that the samples with higher risk scores
tended to have a better response to immunotherapy than those with lower scores.
Conclusion: Our findings indicate that the risk score may not only contribute to the determination of differentiation
and prognosis of thyroid carcinomas but also help the prediction of immune cells infiltration and immunotherapy
response.
Keywords: Dedifferentiation, Anaplastic thyroid carcinoma, Papillary thyroid carcinoma, Immune-related genes,
Prognosis, Infiltrating immune cells, Immune checkpoints, Immunotherapy

*Correspondence: scz008@126.com
†
Xuemin Wang and Wen Peng contributed equally to the work
1
Department of Head and Neck Surgery Section II, The Third Affiliated
Hospital of Kunming Medical University/Yunnan Cancer Hospital, 519
Kunzhou Road, Kunming, China
Full list of author information is available at the end of the article

Background
Thyroid carcinoma is a common endocrine malignancy [1]. Among all subtypes, papillary thyroid carcinoma (PTC) accounts for approximately 90%, and most
patients can achieve long-term survival after reasonable
treatments [2]. In contrast, anaplastic thyroid carcinoma
(ATC) is an undifferentiated tumour that is extremely
rare and highly aggressive, with a dismal median survival
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of only 4 months [3]. Conventional systemic treatments,
including radioiodine therapy, radiotherapy and chemotherapy, have a limited effect on ATC, rendering ATC a
significant clinical challenge [4]. An important hallmark
of ATC is the deficient expression of thyroid differentiation markers, which partially leads to radioiodine therapy
failure [5].
The most accepted hypothesis claims that ATC progresses from PTC through the accumulation of many
genomic mutations [5, 6]. However, Seoane et al. [7] performed exome sequencing and found very few shared
trunk alterations between ATC and PTC, leading these
authors to believe that ATC and PTC evolve independently at an early stage of tumour development. This
finding implies that the clinical management of the two
tumours should be appropriate for their molecular characteristics, requiring a deep understanding of the undifferentiated feature of ATC.
Recently, extensive studies have revealed the essential role of the tumour microenvironment (TME) in
cancer progression and treatment [8, 9]. ATC has been
reported to be greatly infiltrated by tumour-associated
macrophages (TAMs) and possesses high levels of M2
macrophage phenotype markers, which promote tumour
metastasis [5, 10–12]. Additionally, some immune checkpoint inhibitors have shown effects on ATC [13–16],
prompting us to investigate the role of immune cells or
immune-related genes (IRGs) in the occurrence and progression of ATC.
In our study, by exploring the expression patterns
of IRGs in ATCs, PTCs and normal thyroid tissues in
the Gene Expression Omnibus (GEO) and The Cancer
Genome Atlas (TCGA) databases, a two-gene risk score
signature comprising MMP9 and SDC2 with predictive
power for dedifferentiation and survival was constructed.
Additionally, significant correlations were found between
the risk score and important immune checkpoints or
infiltrating immune cells. Moreover, the risk score was
found to have a certain predictive value for the immunotherapy response.

Materials and methods
Public cohort datasets and preprocessing

We systematically searched for publicly available ATC
transcriptome datasets. In total, the following four
cohorts using the same array platform (Affymetrix
Human Genome U133 Plus 2.0 Array) were gathered
for this study: GSE33630, GSE29265, GSE65144 and
GSE76039 [5, 17, 18]. The raw expression data were
downloaded from the GEO database (https://www.ncbi.
nlm.nih.gov/geo/). The boxplot function in R package
was used to determine whether the distribution of the
samples’ expression abundance value is uniform. If not,
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the normalizeBetweenArrays function in the R package
limma was applied to correct the expression data, which
were then log2 transformed. When a gene symbol corresponded to multiple probes, we selected the highest value
as its expression level, and a probe was deleted when it
was recorded with multiple genes. To enhance the reliability of the validation of the screened genes, we merged
the GEO datasets mentioned above, and batch effects
were removed using the R package sva.
We also used transcriptome data and clinical information of PTCs from the TCGA database downloaded from
the UCSC Xena browser (https://xenabrowser.net/datap
ages/), and 505 patients with PTC were enrolled in our
study. Considering the excellent survival outcome in
most PTC patients, the progression-free interval (PFI)
was regarded as the preferable indicator of prognosis
[19].
To investigate the treatment response to immunotherapy, a dataset of urothelial cancer patients who received
anti-PD-L1 therapy (IMvigor210 cohort) was acquired
from the R package IMvigor210CoreBiologies, and a
dataset of AB1-HA mesothelioma mice treated with antiCTLA4 agents (GSE63557) was obtained [20, 21].
To compare the differentiation level among the different samples, a list of 16 TDS genes was obtained from
a published study investigating PTC and served as a
parameter of thyroid differentiation [22]. We summed
the 16 genes in each sample to obtain the TDS and then
separated the PTCs from the TCGA dataset into a lowdifferentiated group and a high-differentiated group
according to the median value.
Collection of immune related data

The stromal score and immune score of each sample were calculated by the ESTIMATE package in the
R program [23]. Single sample gene set enrichment
analysis(ssGSEA), as implemented in the R package
GSVA, was used to assess the enrichment levels of 29
immune cells, and a principal component analysis (PCA)
was applied.
The lists of IRGs were collected from the ImmPort
web portal (https://immport.org/shared/home), which
contains vast immunology data and resources. Overall,
1240 IRGs were present in our array and were further
analysed.
Function and pathway enrichment analysis

A gene annotation enrichment analysis was carried out
by using the R package clusterProfiler. A gene set enrichment analysis (GSEA) was performed three times in our
study as follows: one GSEA was performed to compare
the differences in IRGs between ATCs and normal tissues
or PTCs in the GSE33630 cohort; the second GSEA was
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performed to identify differentiation-associated immune
signalling pathways in the TCGA cohort; and the third
was to analyse the differences between the low-risk-score
and high-risk-score subtypes in the expression of broad
hallmark gene sets in the combined GEO cohort [24]. We
also identified the signalling pathways of the deregulated
IRGs in ATCs in the GSE33630 cohort by performing
Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) enrichment analyses.
Cell culture

All cell lines were cultured in DMEM supplemented
with 10% fetal bovine serum (FBS) (Gibco). The normal
thyroid follicular epithelial cell line Nthy-ori 3-1 and
PTC cell line TPC-1 were obtained from the Institute of
Medical Biology Chinese Academy of Medical Sciences
(Kunming). The ATC cell lines CAL-62, DRO and 8305C
were provided by Sun Yat-sen University Cancer Center
(Guangzhou). All cell lines were authenticated by short
tandem repeat (STR) sequencing and confirmed to be
negative of mycoplasma.
qRT‑PCR

The total RNA was isolated from the cells using a FastPure® Cell/Tissue Total RNA Isolation Kit (Vazyme).
cDNA synthesis was carried out using HiScript® II Q
RT SuperMix (Vazyme). qPCR was performed using
ChamQ™ SYBR® qPCR Master Mix (Vazyme) on an
Applied Biosystems 7500 system. The reaction procedure
was performed according to the manufacturer’s instructions. The sequences of the primers were as follows:
human GAPDH forward: CTCCTGCACCACCAA
CTGCT,
human GAPDH reverse: GGGCCATCCACAGTC
TTCTG;
human MMP9 forward: CAGTCCACCCTTGTG
CTCTTC,
human MMP9 reverse: TGCCACCCGAGTGTA
ACCAT;
human SDC2 forward: TGGAAACCACGACGC
TGAATA,
human SDC2 reverse: ATAACTCCACCAGCAATG
ACAG.
GAPDH was used as a control, and the fold changes of
the target genes were calculated by the ΔΔCt method; the
normalized gene expression was calculated using 2
 −ΔΔCt.
Immunohistochemical staining

Paraffin-embedded specimens of 11 ATCs, 20 PTCs
and 20 normal thyroid tissues were sectioned at 4 µm
and incubated at 70 °C for 2 h. Xylene was used to
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deparaffinize the samples, and then, the sections were
hydrated in gradient ethanol. Antigen retrieval was carried out using sodium citrate and a pressure cooker for
boiling for 2 min. After washing with phosphate-buffered
saline (PBS), the slides were incubated with the following
primary antibodies overnight: anti-SDC2 (Proteintech,
1:300), anti-MMP9 (Cell Signaling Technology, 1:100),
anti-TG (Proteintech, 1:200), anti-PLAUR (Proteintech, 1:100) and anti-FGFR2 (Cell Signaling Technology,
1:100). After incubating with the appropriate secondary antibodies, the samples were reacted with DAB reagents. Immunohistochemistry (IHC) score included the
staining intensity and the percentage of positive staining. The expression intensity was scored as follows: 0
(no), 1 (weak), 2 (moderate), 3 (strong). The percentage
was scored as follows: 0 (0–5%), 1 (6–25%), 2 (26–50%),
3 (51–75%), 4 (75–100%). The final IHC score was calculated by multiplying the intensity score by the proportion
score. The details of the IHC score for each protein are
provided in Additional file 5: Table S2.
Statistical analysis

The analysis of the count data of differentially expressed
IRGs was performed by the R package limma in the
GEO cohorts and IMvigor210 cohort and the R package DESeq2 in TCGA cohort. The Benjamini–Hochberg
method was applied to adjust the p-value based on the
false discovery rate (FDR). The eBayes method in the R
package was used to identify the differentially expressed
genes (DEGs), with an FDR < 0.05 and fold change ≥ 2 as
screening conditions. The R packages VennDiagram and
Heatmap were used to draw Venn diagrams and heatmaps. ggplot2 was used to generate volcano plots and
other plots.
The Wilcoxon test (also called the Mann–Whitney U
test) was applied to compare the continuous variables
between the two groups. For comparisons among three
groups, the Kruskal–Wallis test was used. To evaluate the
association between the clinicopathological characteristics or IRGs and PFI in the TCGA cohort, a univariate
Cox proportional hazard model was used. A multivariable Cox regression model was further conducted to
identify the independent prognostic factors. Both the
hazard ratio (HR) and 95% confidence interval (CI) were
calculated.
To investigate the role of selected IRGs, a risk score
model was constructed by integrating the regression
coefficient derived from the multivariable Cox regression analysis and the expression data of screened IRGs
as follows: risk score = ∑(Coefi * Expi) [25]. Based on the
median value, the samples from different cohorts were
dichotomized into a low-risk score group and a highrisk score group. Correlation analyses were conducting
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by using Pearson’s test in the R program. Receiver operating characteristic (ROC) analyses were carried out to
calculate the area under the curve (AUC) to assess the
accuracy of the risk score in predicting dedifferentiation. Kaplan–Meier curves of the PFI were built, and the
log-rank test was applied to determine the differences
using SPSS software. The distributions of the response to
immunotherapy in the low-risk score group and high-risk
score group were evaluated with a chi-square test or twosided Fisher’s exact test.
All graphic representations and statistical analyses
were performed by using R software (version 3.6.1),
GraphPad Prism (version 7.0) and SPSS software (version
21.0). p < 0.05 was considered statistically significant in all
analyses.

Results
ATCs exhibit lower TDS values and higher infiltration levels
of most immune cells than PTCs and normal thyroid tissues

An overview of our study is shown in Fig. 1. We initially compared the TDS levels among ATCs, PTCs
and normal thyroid tissues in the GSE33630 cohort.
As expected, ATCs had obviously lower TDS values
than the control samples of all genes (Fig. 2a, b). It has
been reported that the immune landscape is correlated
with TDS in PTCs [26]. The ESTIMATE algorithm and
GSVA package in R program were applied to evaluate

Fig. 1 Flow chart of the analysis strategy of our study
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the differences in immune-related signatures and
showed that ATCs had higher stromal scores, immune
scores and enrichment of most immune cells than the
control groups (Fig. 2c, d). Moreover, ATCs were well
discriminated from PTCs or normal tissues with the
PCA algorithm (Fig. 2e).
The inflammatory response is obviously activated in ATCs

To further explore the differences in IRGs between
ATCs and PTCs or normal thyroid tissues in the
GSE33630 cohort, the powerful web tool ImmPort was
used, and in total, 1240 IRGs were present in our array.
The volcano plots of GSEA displayed the top five pathways significantly activated in ATCs compared with
normal tissues or PTCs; among these pathways, the
inflammatory response was the most obvious (Fig. 3a,
b, Additional file 1: Figure S1). In total, 207 IRGs were
found to be commonly deregulated in ATCs compared
with both normal tissues and PTCs (Fig. 3c, d). The GO
and KEGG enrichment analyses indicated significant
activation of immune-associated signalling pathways
in ATCs (Fig. 3e, f ). To further screen the deregulated IRGs, another GEO cohort, i.e., GSE29265, was
included, and in total, 68 genes were screened and validated in the two cohorts (Fig. 4a–c).
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Fig. 2 Comparison of TDS and immune cell infiltration among ATCs, PTCs and normal tissues. a, b Based on a 16-gene TDS signature, ATCs had
obviously lower TDS values than PTCs or normal thyroid tissues in all genes as shown in the heatmap (a) and boxplot (b) (Kruskal–Wallis test). c
Comparison of immune scores and stromal scores between ATCs and PTCs or normal tissues (Wilcoxon test). d The infiltration level of most immune
cells in ATCs was higher than that in PTCs and normal tissues. e PCA discriminated ATCs from PTCs and normal tissues (Kruskal–Wallis test). ns not
significant; *p-value < 0.05; **p-value < 0.01; ***p-value < 0.001; ****p-value < 0.0001
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Fig. 3 Exploration of the function of IRGs in ATCs, PTCs and normal tissues. a, b GSEA of IRGs showed the top 5 activated pathways (left panels)
in ATCs compared with normal tissues (a) and PTCs (b); the inflammatory response (right panels) was the most enriched. c Volcano plots of
differentially expressed IRGs between ATCs and normal tissues (left panel) or PTCs (right panel). d Venn diagram showing the consistently
deregulated genes between ATCs and PTCs or normal tissues in the GSE33630 cohort. e, f GO (e) and KEGG (f) enrichment analyses of 207
commonly deregulated IRGs

Identification of differentiation‑associated and prognostic
IRGs

To further analyse the differentiation-associated IRGs,
we enrolled 505 PTC samples with complete clinical
annotations and transcriptome data from TCGA database, which were then divided into the low-differentiated (low TDS) group and the high-differentiated (high

TDS) group by the median TDS value. The volcano plot
based on a GSEA of 1240 IRGs indicated that compared with the high-differentiated group, the interferon
gamma response (NES = 2.15, p = 0.003) and inflammatory response (NES = 2.10, p = 0.003) were significantly
enriched in the low-differentiated group (Additional
file 2: Figure S2). Considering that patients with ATC lack
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Fig. 4 Identification of deregulated IRGs in ATCs compared with PTCs and normal tissues. a Overlapping analyses screened 68 deregulated IRGs. b,
c Heatmaps of the expression data of 68 IRGs in the GSE33630 (b) and GSE29265 (c) cohorts

clinical information in the GEO database, we focused on
the low-differentiated PTCs in TCGA cohort to identify
the prognostic IRGs. First, the clinical characteristics
and 68 IRGs were included in a univariate Cox analysis.
Stage III/IV, T3/T4, distant metastasis and five genes,
including matrix metalloproteinase-9 (MMP9), fibroblast
growth factor receptor 2 (FGFR2), plasminogen activator, urokinase receptor (PLAUR), syndecan-2 (SDC2)
and thyroglobulin (TG), were identified as risk factors
(Additional file 3: Table S1). Then, these risk factors were
included in a multivariable Cox analysis. Considering

Table 1 Multivariable analysis showed independent prognosisassociated IRGs for low-differentiated PTCs in TCGA database
Variable

Multivariable analysis
Coefficient

SDC2
MMP9

− 0.488
0.292

HR

95% CI

p

0.614

0.391–0.962

0.033

1.339

1.076–1.666

0.009

IRGs were evaluated as continuous variables in multivariable Cox regression
analysis
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the mutual effect among IRGs and clinical characteristics, only SDC2 (HR = 0.614; p = 0.033) and MMP9
(HR = 1.339; p = 0.009) were identified as independent
prognostic IRGs of low-differentiated PTCs (Table 1).
Then, we assessed the expression levels of MMP9 and
SDC2 in a combined GEO cohort comprising 52 ATCs,
78 normal tissues and 69 PTCs from the same chip platform and TCGA cohort grouped by TDS level. As shown
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in Fig. 5a, b, the expression of MMP9 in ATCs and lowdifferentiated PTCs was significantly higher than that in
normal tissues and high-differentiated PTCs, whereas
SDC2 displayed the opposite expression profile. In addition, an immune-related risk score was constructed and
was obviously higher in ATCs and low-differentiated
PTCs (Fig. 5c). qPCR analyses further indicated that the
ATC cell lines CAL-62, DRO and 8305C possessed lower

Fig. 5 Verification the expression of MMP9 and SDC2. a, b Expression of MMP9 and SDC2 in the combined GEO cohort (a) and TCGA cohort (b)
(Wilcoxon test). c Comparison of risk scores in the combined GEO cohort (left) and TCGA cohort (right) (Wilcoxon test). d Relative expression of
MMP9 and SDC2 in the Nthy-ori 3-1, TPC-1, CAL-62, DRO, and 8305C cell lines. e Representative sections of normal thyroid, PTC and ATC tissues. The
expression of SDC2 and MMP9 was detected by using immunohistochemistry (IHC)
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SDC2 levels; DRO and 8305C had higher MMP9 levels
than the PTC cell line TPC-1 and normal thyroid cell line
Nthy-ori 3-1 (Fig. 5d). Moreover, the immunohistochemical staining in normal thyroid, PTC and ATC tissues
showed higher expression of MMP9 and lower expression of SDC2 in ATC patients (Fig. 5e; Additional file 4:
Figure S3; Additional file 5: Table S2).
We proceeded to analyse the ability of the risk score
to predict dedifferentiation. The correlation analyses
showed that the risk score was negatively associated
with TDS in both the combined GEO cohort and TCGA
cohort (Fig. 6a). Consistent with this finding, the ROC
curves confirmed the robust predictive value in both
cohorts, and the AUC values were 0.842 (p < 0.001) and
0.707 (p < 0.001) (Fig. 6b). Moreover, we estimated the
prognostic value of a single gene and the two-gene risk
score. The Kaplan–Meier curves (Fig. 6c) indicated that
the PTC patients with high MMP9 (HR = 2.28; p = 0.005),
low SDC2 (HR = 2.47; p = 0.002) or a high risk score
(HR = 3.05; p = 0.0003) had a significantly shorter PFI
than the other patients in the TCGA cohort, indicating
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the potential of the risk score to serve as a prognostic
biomarker.
The two‑gene risk score is closely correlated
with immune‑related signatures

Immunotherapy has revolutionized the treatment of many
patients with cancer. However, it has been found that some
negative costimulatory molecules and immunosuppressive cytokines could promote immune escape in tumour
cells by inhibiting immune responses [27, 28], stimulating
the appearance of immune checkpoint therapy. We sought
to explore the role of the two-gene risk score in immunerelated signatures. First, a markedly positive correlation was
found between the risk score and important immune checkpoint molecules, including programmed cell death ligand
1 (PDL1; also known as CD274), cytotoxic T-lymphocyteassociated protein 4 (CTLA4), indoleamine 2,3-dioxygenase
1 (IDO1) and hepatitis A virus cellular receptor 2 (HAVCR2;
also known as TIM3) in both the combined GEO cohort
and TCGA cohort (Fig. 7a, b). Moreover, we found that
most immune cells displayed higher enrichment score in

Fig. 6 The MMP9 and SDC2 risk score predicts dedifferentiation and a poor prognosis. a Scatter plots showing a significant correlation between
the risk score and the TDS in the combined GEO cohort and TCGA cohort (Pearson test). b ROC curves indicating the power of the risk score in
predicting dedifferentiation in the combined GEO cohort and TCGA cohort. c Kaplan–Meier curves of the PFI of 505 PTC patients in TCGA cohort
grouped by MMP9 expression, SDC2 expression and risk score (log-rank test)
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Fig. 7 Exploring the role of the risk score in immune-related signatures. a, b Plots indicating the correlations between the risk score and the
immune checkpoint molecules CD274 (PDL1), CTLA4, IDO1, and HAVCR2 (TIM3) in the combined GEO cohort (a) and TCGA cohort (b) (Pearson
test). c Comparison of the infiltration of immune cells between the low risk score and high risk score samples in the combined GEO cohort
(Wilcoxon test). d The association between the risk score and the infiltration of immune cells in the combined GEO cohort (Pearson test). e
Response to anti-PD-L1 immunotherapy in the low- and high-risk-score groups in the IMvigor210 cohort (chi-square test, p = 0.003) (CR complete
response, PR partial response, SD stable disease, PD progressive disease). f Distribution of the risk score among patients with different anti-PD-L1
treatment responses in the IMvigor210 cohort (Wilcoxon test). g Response to anti-CTLA4 immunotherapy in the low- and high-risk-score groups
in the GSE63557 cohort (two-sided Fisher’s exact test, p = 0.18). h Distribution of the risk score among mice with different anti-CTLA4 treatment
responses in the GSE63557 cohort (Wilcoxon test)
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the high-risk score group than the low-risk score group in
the combined GEO cohort. The correlation analysis further
confirmed the close relationship between the risk score and
the infiltration of most immune cell types (Fig. 7c, d).
Emerging studies support the crucial role of the TME in
the response to immunotherapy [9, 29]. Moreover, studies have increasingly demonstrated that some immune
checkpoint inhibitors, including the PD-1 inhibitors spartalizumab and pembrolizumab and the PD-L1 inhibitor
nivolumab [4, 13–16], are effective in ATCs as salvage therapy. However, not all ATC patients could benefit from such
treatment. Considering the positive correlation between
the risk score and the expression of immune checkpoint
molecules and the infiltration of immune cells, our study
aimed to investigate the role of the risk score in the immunotherapy response of ATCs. Therefore, we first sought to
obtain an immunotherapy database of ATC patients. However, after searching published immunotherapy datasets, no
such cohort with complete prognosis data and expression
profiles was obtained. As a complement, the IMvigor210
cohort and GSE63557 cohort, a dataset of urothelial cancer
patients who received an anti-PD-L1 agent and a dataset
of AB1-HA mesothelioma tumour mice treated with antiCTLA4 therapy were used to investigate the value of the
two-gene risk score in predicting the response to immunotherapy [20, 21]. We found that patients with a high risk
score tended to have a better response to immunotherapy
than those with a low risk score in the IMvigor210 cohort
(p = 0.003; Fig. 7e). The number of mice responding to
anti-CTLA4 agents was higher in the GSE63557 cohort,
but the difference was not statistically significant (p = 0.18;
Fig. 7g). Additionally, the risk score in patients with complete response (CR) to anti-PD-L1 therapy was higher than
that in patients with progressive disease (PD) (p < 0.05)
(Fig. 7f). Similarly, the risk score in mice that responded to
anti-CTLA4 therapy was slightly higher than that in mice
that did not respond (p < 0.05) (Fig. 7h).
Molecular basis of the immune‑related risk score signature

We further explored the differences between the highrisk score and low-risk score samples in the combined
GEO cohort. Among the distinct signalling pathways
enriched in the high-risk score group, the epithelial–
mesenchymal transition, TNFα signalling, and some
common immune-related signalling pathways, including
the IL-6/JAK/STAT3 pathway, interferon alpha response,
interferon gamma response and inflammatory response,
obtained high NES values (Additional file 6: Figure S4).

Discussion
Focusing on the mechanism of dedifferentiation promotes a better understanding of the high invasiveness
of ATCs. Many previous studies have found that some
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molecules and pathways, such as STRN-ALK, P53, dendrogenin A, survivin and certain long noncoding RNAs,
are involved in the dedifferentiation process of thyroid
cells [30–33]. Indeed, publicly available resources, such
as TCGA and GEO datasets, provide substantial clinical samples that enable more reliable and comprehensive studies. Thyroid carcinoma is the most common
endocrine-related malignancy. Ma et al. [25] identified a metabolic gene signature indicative of the dedifferentiation of PTCs through transcriptome analyses.
Similarly, Suh et al. [34] found that glucose metabolic
profiles were correlated with differentiation in thyroid
carcinoma. In addition, several researchers indicated
that immune cells, especially macrophages, account for
a large proportion of the tumour microenvironment in
anaplastic thyroid carcinomas (ATCs) [12]. However,
current studies investigating immune-related signatures in thyroid carcinoma by analysing public databases mainly focused on PTCs [26, 35, 36]. Therefore,
we included ATC samples from the GEO database to
identify an immune-related signature indicating the
dedifferentiation of thyroid cells.
In this study, we initially focused on an investigation of
IRGs in ATCs in comparison with those in normal tissues
and PTCs. Through a joint analysis with TCGA cohort,
two genes, namely, MMP9 and SDC2, were identified.
MMP9 is a well-known oncogenic gene, and the enzyme
encoded by this gene is involved in multiple processes
in tumour progression, such as cancer proliferation,
angiogenesis and metastasis [37–39]. Moreover, MMP9
has been reported to serve as an important inflammatory mediator in angiocardiopathy, infectious diseases
and cancer [40–43]. The syndecan-2 protein, which is
encoded by the SDC2 gene, is a type I transmembrane
proteoglycan. The role of SDC2 depends on the type of
tumour. It acts as an oncogene and contributes to disease
progression in colon cancer, breast cancer and melanoma, while it serves as a metastasis suppressor in Lewis
lung carcinoma [44–46]. Moreover, SDC2 has been
found to be positively associated with the differentiation
level and prognosis of neuroendocrine tumours, which is
consistent with our findings [47].
By constructing a risk model based on univariate and
multivariable Cox analyses, a significantly elevated risk
score was observed in ATCs and low-differentiated PTCs.
Notably, by performing a ROC analysis, we demonstrated
that the risk score could distinguish the differentiation level in both the combined GEO cohort and TCGA
cohort. By applying Kaplan–Meier curves, we found that
the patients with high risk scores displayed a worse PFI
than those with low risk scores. These findings suggest
that the risk score could serve as an indicator of dedifferentiation and could contribute to the risk stratification
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and prediction of response to radioiodine therapy in thyroid carcinoma patients and act as a powerful biomarker
for prognostic prediction.
Currently, immune checkpoint inhibitors, such as
anti-PD-L1 and anti-CTLA-4 antibodies, elicit durable responses in some solid tumours, including ATCs
[13–16]. In this study, we discovered a positive correlation between the risk score and the expression of
important immune checkpoints or the enrichment of
multiple immune cell types. Interestingly, by analysing
two cohorts of patients with metastatic urothelial cancer who received anti-PD-L1 treatment (IMvigor210)
and a mouse model treated with anti-CTLA-4 agent
(GSE63557) [20, 21], we surprisingly observed that the
samples with higher risk scores tended to have a better
response to immune checkpoint therapy than the samples with low risk scores regardless of the weak statistical
significance. This finding indicates that the risk score may
not only contribute to the determination of differentiation and prognosis of thyroid cancer but also could play
a role in predicting the infiltration of immune cells in the
TME and the response to immunotherapy.
However, the current study has some limitations and
drawbacks. First, due to the lack of survival information
of the ATC patients in the GEO cohorts, the two riskrelated genes were screened only in low-differentiated
PTCs in TCGA cohort; thus, these results cannot completely reflect the results of ATCs. However, the risk
scores and associations with TDS or immune checkpoints were verified in both cohorts. Second, the sample
size in our study, especially of ATCs, was small; thus, the
results obtained warrant further investigation. Third, the
mechanism of the immune-related risk score in dedifferentiation is still undiscovered. In the future, we intend to
carry out in vitro and in vivo experiments to verify our
conclusions and further explore the mechanism of dedifferentiation mediated by the identified risk-related genes.
To date, multiple antineoplastic drugs have been applied
in ATCs [4], but reports of the efficacy of MMP9 inhibitors are lacking. Based on our findings, we speculate that
MMP9 inhibitors alone or in combination with immunotherapy may be effective in the management of ATCs, but
this hypothesis requires further verification.

Conclusions
Our findings indicate the potential value of an
immune-related risk score composed of MMP9 and
SDC2 for predicting dedifferentiation and survival in
thyroid carcinoma. The risk score may also help predict the infiltration of immune cells and the response to
immunotherapy. Thus, the risk score could be used as
a powerful biomarker of differentiation and prognosis
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in patients with thyroid carcinoma. Additionally, the
included risk-related genes could be further explored as
new therapeutic targets for the treatment of ATCs.
Abbreviations
ATC: Anaplastic thyroid carcinoma; AUC: Area under curve; CTLA4: Cytotoxic T-lymphocyte protein 4; GEO: Gene Expression Omnibus; GSEA: Gene
set enrichment analysis; IRG: Immune-related gene; IDO1: Indoleamine
2,3-dioxygenase 1; IHC: Immunohistochemistry; MMP9: Matrix metalloproteinase-9; NES: Normalized enrichment score; PTC: Papillary thyroid carcinoma;
PFI: Progression-free interval; PCA: Principal component analysis; PD-L1:
Programmed cell death 1 ligand 1 (also called CD274); ROC: Receiver operating characteristic; ssGSEA: Single sample gene set enrichment analysis; SDC2:
Syndecan-2; TDS: Thyroid differentiation score; TME: Tumor microenvironment;
TCGA: The Cancer Genome Atlas; TIM-3: T cell immunoglobulin-3 (also called
HAVCR2, hepatitis a virus cellular receptor 2).

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s12935-021-01939-3.
Additional file 1: Figure S1. Functional differences in IRGs between ATCs
and PTCs or normal tissues. GSEA of IRGs showed the activated pathways,
except for the inflammatory response, in ATCs compared with those in
normal tissues (a) and PTCs (b).
Additional file 2: Figure S2. GSEA identified differentiation-associated
immune signalling pathways.
Additional file 3: Table S1. Univariate analysis of prognosis-associated
risk factors for low-differentiated PTCs in TCGA database.
Additional file 4: Figure S3. The expression of TG, PLAUR and FGFR2 was
detected by using immunohistochemistry.
Additional file 5: Table S2. The details of the IHC score for each protein.
Additional file 6: Figure S4. Molecular basis of the immune-related risk
score signature. (a) Volcano plot of the GSEA of the low-risk-score versus
high-risk-score samples in the combined GEO cohort. (b) GSEA of the
biological signalling pathways significantly enriched in the high-risk-score
samples in the combined GEO cohort.
Acknowledgements
We thank all members of our study group. Moreover, we would like to thank
the Institute of Medical Biology Chinese Academy of Medical Sciences (Kunming) and Sun Yat-sen University Cancer Center (Guangzhou) for providing us
with cell lines support.
Authors’ contributions
CZS and XMW were responsible for the design of the subject. RJQ collected
the data. XMW and CYL performed statistic analysis and wrote the paper. ZMZ
and CZS edited the manuscript and provided constructive comments. WP and
XMW were responsible for the revision of the manuscript. All authors read and
approved the final manuscript.
Funding
Our study was supported by grants from the National Natural Science
Foundation of China (81560470, 81773127 and 81960543), Special Funds for
Innovation Team of Basic and Clinical Research of Head and neck Tumor in
Yunnan Province; Special Funds for High‑Level Medical Leaders in Yunnan Province (L‑2017025), and Yunnan Province Basic Research Program
(2018FE001‑058/246; 2019FE001-075).
Availability of data and materials
The datasets analysed during the current study are available in the GEO
database, TCGA database and the Immport website at [https://www.ncbi.
nlm.nih.gov/geo/, https://xenabrowser.net/datapages/, https://immport.org/
shared/home].

Wang et al. Cancer Cell Int

(2021) 21:231

Declarations
Ethics approval and consent to participate
Not applicable.
Consent for publication
Not applicable.
Competing interests
The authors declare that they have no competing interests.
Author details
1
Department of Head and Neck Surgery Section II, The Third Affiliated Hospital of Kunming Medical University/Yunnan Cancer Hospital, 519 Kunzhou
Road, Kunming, China. 2 Department of Medical Oncology, The First Affiliated
Hospital of Kunming Medical University, 295 Xichang Road, Kunming, China.
Received: 23 September 2020 Accepted: 15 April 2021

References
1. Siegel RL, Miller KD, Fuchs HE, Jemal A. Cancer statistics, 2021. CA Cancer
J Clin. 2021;71(1):7–33.
2. Haddad RI, Nasr C, Bischoff L, Busaidy NL, Byrd D, Callender G, Dickson P,
Duh QY, Ehya H, Goldner W, et al. NCCN guidelines insights: thyroid carcinoma, version 2.2018. J Natl Compr Cancer Netw. 2018;16(12):1429–40.
3. Maniakas A, Dadu R, Busaidy NL, Wang JR, Ferrarotto R, Lu C, Williams
MD, Gunn GB, Hofmann MC, Cote G, et al. Evaluation of overall survival
in patients with anaplastic thyroid carcinoma, 2000–2019. JAMA Oncol.
2020;6(9):1397–404.
4. Saini S, Tulla K, Maker A, Burman K, Prabhakar B. Therapeutic advances
in anaplastic thyroid cancer: a current perspective. Mol Cancer.
2018;17(1):154.
5. Landa I, Ibrahimpasic T, Boucai L, Sinha R, Knauf J, Shah R, Dogan S,
Ricarte-Filho J, Krishnamoorthy G, Xu B, et al. Genomic and transcriptomic hallmarks of poorly differentiated and anaplastic thyroid cancers. J
Clin Invest. 2016;126(3):1052–66.
6. Xing M. Molecular pathogenesis and mechanisms of thyroid cancer. Nat
Rev Cancer. 2013;13(3):184–99.
7. Capdevila J, Mayor R, Mancuso F, Iglesias C, Caratù G, Matos I, Zafón
C, Hernando J, Petit A, Nuciforo P, et al. Early evolutionary divergence between papillary and anaplastic thyroid cancers. Ann Oncol.
2018;29(6):1454–60.
8. Taniguchi S, Elhance A, Van Duzer A, Kumar S, Leitenberger J, Oshimori
N. Tumor-initiating cells establish an IL-33-TGF-β niche signaling loop to
promote cancer progression. Science. 2020;369(6501):eaay1813.
9. Lee K, Hwang H, Nam K. Immune response and the tumor microenvironment: how they communicate to regulate gastric cancer. Gut Liver.
2014;8(2):131–9.
10. Giannini R, Moretti S, Ugolini C, Macerola E, Menicali E, Nucci N, Morelli
S, Colella R, Mandarano M, Sidoni A, et al. Immune profiling of thyroid
carcinomas suggests the existence of two major phenotypes: an ATC-like
and a PDTC-like. J Clin Endocrinol Metab. 2019;104(8):3557–75.
11. Li X, Gangadaran P, Kalimuthu S, Oh J, Zhu L, Jeong S, Lee S, Lee J, Ahn
B. Role of pulmonary macrophages in initiation of lung metastasis in
anaplastic thyroid cancer. Int J Cancer. 2016;139(11):2583–92.
12. French J, Bible K, Spitzweg C, Haugen B, Ryder M. Leveraging the immune
system to treat advanced thyroid cancers. Lancet Diabetes Endocrinol.
2017;5(6):469–81.
13. Lim A, Solomon B. Immunotherapy for anaplastic thyroid carcinoma. J
Clin Oncol. 2020;38(23):2603–4.
14. Capdevila J, Wirth L, Ernst T, Ponce Aix S, Lin C, Ramlau R, Butler M, Delord
J, Gelderblom H, Ascierto P, et al. PD-1 blockade in anaplastic thyroid
carcinoma. J Clin Oncol. 2020;38(23):2620–7.
15. Iyer P, Dadu R, Gule-Monroe M, Busaidy N, Ferrarotto R, Habra M, Zafereo
M, Williams M, Gunn G, Grosu H, et al. Salvage pembrolizumab added
to kinase inhibitor therapy for the treatment of anaplastic thyroid carcinoma. J Immunother Cancer. 2018;6(1):68.

Page 13 of 14

16. Kollipara R, Schneider B, Radovich M, Babu S, Kiel P. Exceptional response
with immunotherapy in a patient with anaplastic thyroid cancer. Oncologist. 2017;22(10):1149–51.
17. Tomás G, Tarabichi M, Gacquer D, Hébrant A, Dom G, Dumont J, Keutgen
X, Fahey T, Maenhaut C, Detours V. A general method to derive robust
organ-specific gene expression-based differentiation indices: application
to thyroid cancer diagnostic. Oncogene. 2012;31(41):4490–8.
18. von Roemeling C, Marlow L, Pinkerton A, Crist A, Miller J, Tun H, Smallridge R, Copland J. Aberrant lipid metabolism in anaplastic thyroid carcinoma reveals stearoyl CoA desaturase 1 as a novel therapeutic target. J
Clin Endocrinol Metab. 2015;100(5):E697-709.
19. Liu J, Lichtenberg T, Hoadley K, Poisson L, Lazar A, Cherniack A, Kovatich
A, Benz C, Levine D, Lee A, et al. An integrated TCGA pan-cancer clinical
data resource to drive high-quality survival outcome analytics. Cell.
2018;173(2):400-16.e11.
20. Mariathasan S, Turley S, Nickles D, Castiglioni A, Yuen K, Wang Y, Kadel E,
Koeppen H, Astarita J, Cubas R, et al. TGFβ attenuates tumour response
to PD-L1 blockade by contributing to exclusion of T cells. Nature.
2018;554(7693):544–8.
21. Lesterhuis W, Rinaldi C, Jones A, Rozali E, Dick I, Khong A, Boon L, Robinson B, Nowak A, Bosco A, et al. Network analysis of immunotherapyinduced regressing tumours identifies novel synergistic drug combinations. Sci Rep. 2015;5:12298.
22. Network CGAR. Integrated genomic characterization of papillary thyroid
carcinoma. Cell. 2014;159(3):676–90.
23. Yoshihara K, Shahmoradgoli M, Martínez E, Vegesna R, Kim H, TorresGarcia W, Treviño V, Shen H, Laird P, Levine D, et al. Inferring tumour purity
and stromal and immune cell admixture from expression data. Nat Commun. 2013;4:2612.
24. Subramanian A, Tamayo P, Mootha V, Mukherjee S, Ebert B, Gillette M,
Paulovich A, Pomeroy S, Golub T, Lander E, et al. Gene set enrichment
analysis: a knowledge-based approach for interpreting genome-wide
expression profiles. Proc Natl Acad Sci USA. 2005;102(43):15545–50.
25. Ma B, Jiang H, Wen D, Hu J, Han L, Liu W, Xu W, Shi X, Wei W, Liao T, et al.
Transcriptome analyses identify a metabolic gene signature indicative
of dedifferentiation of papillary thyroid cancer. J Clin Endocrinol Metab.
2019;104(9):3713–25.
26. Na K, Choi H. Immune landscape of papillary thyroid cancer and immunotherapeutic implications. Endocr Relat Cancer. 2018;25(5):523–31.
27. Schreiber R, Old L, Smyth M. Cancer immunoediting: integrating
immunity’s roles in cancer suppression and promotion. Science.
2011;331(6024):1565–70.
28. Ribas A, Wolchok J. Cancer immunotherapy using checkpoint blockade.
Science. 2018;359(6382):1350–5.
29. Turley S, Cremasco V, Astarita J. Immunological hallmarks of stromal cells
in the tumour microenvironment. Nat Rev Immunol. 2015;15(11):669–82.
30. Nikitski A, Rominski S, Condello V, Kaya C, Wankhede M, Panebianco F,
Yang H, Altschuler D, Nikiforov Y. Mouse model of thyroid cancer progression and dedifferentiation driven by STRN-ALK expression and loss of
p53: evidence for the existence of two types of poorly differentiated
carcinoma. Thyroid. 2019;29(10):1425–37.
31. Bauriaud-Mallet M, Vija-Racaru L, Brillouet S, Mallinger A, de Medina P,
Rives A, Payre B, Poirot M, Courbon F, Silvente-Poirot S. The cholesterolderived metabolite dendrogenin A functionally reprograms breast
adenocarcinoma and undifferentiated thyroid cancer cells. J Steroid
Biochem Mol Biol. 2019;192:105390.
32. Pannone G, Santoro A, Pasquali D, Zamparese R, Mattoni M, Russo G,
Landriscina M, Piscazzi A, Toti P, Cignarelli M, et al. The role of survivin in
thyroid tumors: differences of expression in well-differentiated, non-welldifferentiated, and anaplastic thyroid cancers. Thyroid. 2014;24(3):511–9.
33. Credendino S, Bellone M, Lewin N, Amendola E, Sanges R, Basu S, Sepe R,
Decaussin-Petrucci M, Tinto N, Fusco A, et al. A ceRNA circuitry involving
the long noncoding RNA Klhl14-AS, Pax8, and Bcl2 drives thyroid carcinogenesis. Cancer Res. 2019;79(22):5746–57.
34. Suh HY, Choi H, Paeng JC, Cheon GJ, Chung JK, Kang KW. Comprehensive gene expression analysis for exploring the association between
glucose metabolism and differentiation of thyroid cancer. BMC Cancer.
2019;19(1):1260.
35. Kim K, Jeon S, Kim TM, Jung CK. Immune gene signature delineates a
subclass of papillary thyroid cancer with unfavorable clinical outcomes.
Cancers. 2018;10(12):494.

Wang et al. Cancer Cell Int

(2021) 21:231

36. Lin P, Guo YN, Shi L, Li XJ, Yang H, He Y, Li Q, Dang YW, Wei KL, Chen G.
Development of a prognostic index based on an immunogenomic
landscape analysis of papillary thyroid cancer. Aging. 2019;11(2):480–500.
37. Chen G, Ding X, Pressley K, Bouamar H, Wang B, Zheng G, Broome L,
Nazarullah A, Brenner A, Kaklamani V, et al. In situ everolimus inhibits the
progression of ductal carcinoma to invasive breast cancer via downregulation of MMP9 expression. Clin Cancer Res. 2020;26(6):1486–96.
38. Cai H, Wang J, Xi S, Ni X, Chen Y, Yu Y, Cen Z, Yu Z, Chen F, Guo C, et al.
Tenascin-cmediated vasculogenic mimicry formation via regulation of
MMP2/MMP9 in glioma. Cell Death Dis. 2019;10(12):879.
39. Annaházi A, Ábrahám S, Farkas K, Rosztóczy A, Inczefi O, Földesi I, Szűcs
M, Rutka M, Theodorou V, Eutamene H, et al. A pilot study on faecal MMP9: a new noninvasive diagnostic marker of colorectal cancer. Br J Cancer.
2016;114(7):787–92.
40. Watanabe R, Maeda T, Zhang H, Berry G, Zeisbrich M, Brockett R, Greenstein A, Tian L, Goronzy J, Weyand C. MMP (matrix metalloprotease)9-producing monocytes enable T cells to invade the vessel wall and
cause vasculitis. Circ Res. 2018;123(6):700–15.
41. Schiwon M, Weisheit C, Franken L, Gutweiler S, Dixit A, Meyer-Schwesinger C, Pohl J, Maurice N, Thiebes S, Lorenz K, et al. Crosstalk between
sentinel and helper macrophages permits neutrophil migration into
infected uroepithelium. Cell. 2014;156(3):456–68.
42. Yang S, Wang L, Pan W, Bayer W, Thoens C, Heim K, Dittmer U, Timm J,
Wang Q, Yu Q, et al. MMP2/MMP9-mediated CD100 shedding is crucial
for inducing intrahepatic anti-HBV CD8 T cell responses and HBV clearance. J Hepatol. 2019;71(4):685–98.

Page 14 of 14

43. Albrengues J, Shields M, Ng D, Park C, Ambrico A, Poindexter M, Upadhyay P, Uyeminami D, Pommier A, Küttner V, et al. Neutrophil extracellular
traps produced during inflammation awaken dormant cancer cells in
mice. Science. 2018;361(6409):eaao4227.
44. Mytilinaiou M, Nikitovic D, Berdiaki A, Kostouras A, Papoutsidakis A,
Tsatsakis A, Tzanakakis G. Emerging roles of syndecan 2 in epithelial and
mesenchymal cancer progression. IUBMB Life. 2017;69(11):824–33.
45. Hua R, Yu J, Yan X, Ni Q, Zhi X, Li X, Jiang B, Zhu J. Syndecan-2 in colorectal
cancer plays oncogenic role via epithelial–mesenchymal transition and
MAPK pathway. Biomed Pharmacother. 2020;121:109630.
46. Munesue S, Kusano Y, Oguri K, Itano N, Yoshitomi Y, Nakanishi H,
Yamashina I, Okayama M. The role of syndecan-2 in regulation of actincytoskeletal organization of Lewis lung carcinoma-derived metastatic
clones. Biochem J. 2002;363:201–9.
47. García-Suárez O, García B, Fernández-Vega I, Astudillo A, Quirós L.
Neuroendocrine tumors show altered expression of chondroitin sulfate,
glypican 1, glypican 5, and syndecan 2 depending on their differentiation
grade. Front Oncol. 2014;4:15.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Ready to submit your research ? Choose BMC and benefit from:

• fast, convenient online submission
• thorough peer review by experienced researchers in your field
• rapid publication on acceptance
• support for research data, including large and complex data types
• gold Open Access which fosters wider collaboration and increased citations
• maximum visibility for your research: over 100M website views per year
At BMC, research is always in progress.
Learn more biomedcentral.com/submissions

