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Abstract

Thyroid carcinoma (TC), the most commonly diagnosed malignancy of the endocrine system, has witnessed a significant rise
in incidence over the past few decades. The integration of scRNA-seq with other sequencing approaches offers researchers a
distinct perspective to explore mechanisms underlying TC progression. Therefore, it is crucial to develop a prognostic model
for TC patients by utilizing a multi-omics approach. We acquired and processed transcriptomic data from the TCGA-THCA
dataset, including mRNA expression profiles, IncRNA expression profiles, miRNA expression profiles, methylation chip
data, gene mutation data, and clinical data. We constructed a tumor-related risk model using machine learning methods and
developed a consensus machine learning-driven signature (CMLS) for accurate and stable prediction of TC patient outcomes.
2 strains of undifferentiated TC cell lines and 1 strain of PTC cell line were utilized for in vitro validation. mRNA, protein
levels of hub genes, epithelial-mesenchymal transition (EMT)-associated phenotypes were detected by a series of in vitro
experiments. We identified 3 molecular subtypes of TC based on integrated multi-omics clustering algorithms, which were
associated with overall survival and displayed distinct molecular features. We developed a CMLS based on 28 hub genes
to predict patient outcomes, and demonstrated that CMLS outperformed other prognostic models. TC patients of relatively
lower CMLS score had significantly higher levels of T cells, B cells, and macrophages, indicating an immune-activated state.
Fibroblasts were predominantly enriched in the high CMLS group, along with markers associated with immune suppression
and evasion. We identified several drugs that could be suitable for patients with high CMLS, including Staurosporine_1034,
Rapamycin_1084, gemcitabine, and topotecan. SNAII was elevated in both undifferentiated TC cell lines, comparing to PTC
cells. Knockdown of SNAII reduced the cell proliferation and EMT phenotypes of undifferentiated TC cells. Our findings
highlight the importance of multi-omics analysis in understanding the molecular subtypes and immune characteristics of
TC, and provide a novel prognostic model and potential therapeutic targets for this disease. Moreover, we identified SNAI1
in mediating TC progression through EMT in vitro.
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Introduction

Thyroid carcinoma (TC) is the most frequently diagnosed
malignancy of the endocrine system, with an estimated
586,000 new cases and 43,600 deaths worldwide in 2020
[1]. Over the past few decades, there has been a continuous
increase in the incidence of TC, while TC-related mor-
tality rates are approximately 3 and 5 per million among
men and women, respectively [2]. Among TCs of follicular
origin, papillary TC (PTC) is the most common histologic
subtype, accounting for 80-90% of all cases [3]. Despite
a favorable prognosis for the majority of papillary thyroid
cancer patients, recurrence is observed in nearly 30% of
cases [4].

PTC prognosis varies significantly due to the hetero-
geneity of TC. Despite sharing a common origin, tumors
exhibit distinct features resulting from spatial heteroge-
neity influenced by genetic, phenotypic, and behavioral
factors [5, 6]. This heterogeneity is associated with both
inter-tumor and intra-tumor variability [7], whereby can-
cer cells and cells within the TME collectively determine
disease progression, therapy efficacy, and the likelihood
of treatment resistance [8]. However, previous studies
have primarily focused on tumor cells while neglecting
the crucial role of the TME in TC development. Recent
advancements in sScRNA-seq provide an opportunity to
analyze cellular heterogeneity more comprehensively and
uncover the internal mechanisms driving tumor develop-
ment [9]. Combining the scRNA-seq with other dimension
of sequencing approaches might provide a unique perspec-
tive for researches to peek into the underlying mechanisms
of the TC progression. In light of this, it is imperative to
establish prognostic model for TC patients by resorting to
the multi-omics manner.

In this study, we analyzed the cancer genome atlas-
thyroid carcinoma (TCGA-THCA) dataset to identify
prognostic genes and subtypes using multi-omics data. We
identified three molecular subtypes of THCA based on
integrated multi-omics clustering algorithms, which were
associated with overall survival. These subtypes showed
distinct molecular features, including enrichment of can-
cer pathways and transcriptional regulators. We developed
a consensus machine learning-driven signature (CMLS)
based on 28 hub genes to predict TC patient outcomes,
and demonstrated that CMLS outperformed other prognos-
tic models. We also analyzed the immune characteristics
associated with CMLS and found differences in immune
cell infiltration and immune therapy response between
TC patients with relatively higher and lower CMLS score
value. Furthermore, we analyzed drug sensitivity based on
CMLS scores and identified potential drugs for TC patients
with high CMLS score value. Our findings highlight the
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importance of multi-omics analysis in understanding the
molecular subtypes and immune characteristics of TC, and
provide a novel prognostic model and potential therapeutic
targets for this disease. Moreover, we identified SNAII in
mediating TC progression through EMT in vitro.

Methods
Origin of transcriptomic data

We selected mRNA expression profiles, IncRNA expres-
sion profiles, miRNA expression profiles, methylation chip
data, gene mutation data, and corresponding clinical data
(n=489) from the TCGA-THCA. All data were transformed
into TPM format and log2 transformed for subsequent
analysis.

Multi-omics consistency analysis and risk features
generated by machine learning-based integrated
methods

The detailed analysis approaches of these analysis were
elaborated in the additional file 1.

Molecular features and stability of common
subtypes

We calculated the enrichment scores of multiple pathway-
related gene sets, including the Hallmark gene set, and
reconstructed transcriptional regulatory networks and regu-
latory subnetworks (RTNs) using the “RTN” [10] R pack-
age. The RTNs included 23 transcription factors related to
induced/inhibited targets. We also compared the distribu-
tion of immune checkpoint genes among the subtypes and
estimated the immune/stromal scores of tumor tissues using
the “ESTIMATE” [11] R package. We calculated the tumor-
infiltrating lymphocyte DNA methylation (MeTIL) scores
based on specific gene sets. The enrichment of 22 tumor
immune microenvironment cell types was evaluated using
the CIBERSORT software [12]. For subtype stability, we
compared the consensus clustering consistency with NTP
and PAM classifiers.

Construction of tumor-related risk features

We used the “MOVICS” package [13] to select mRNA as
the prognostic gene set and screened for prognosis-related
genes using univariate Cox analysis (P <0.05). We estab-
lished a prognostic model using 101 machine learning meth-
ods. The algorithm was then used to provide a CMLS score
value in this manner. The TCGA cohorts were divided into
TC patients of relatively higher and lower CMLS score value
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based on the median value of the CMLS value, and the pre-
diction differences between the two groups were studied,
along with an evaluation of the model’s accuracy.

Differential gene analysis

Differential gene calculation was performed using the
“limma” [14] package to investigate gene expression dif-
ferences between TC patients of relatively higher and lower
CMLS score. The results of enrichment analysis were visual-
ized using the “enrichplot” [15] package.

Prediction of immunotherapy response

The prediction of immunotherapy response collected data
from the Braun (renal cell carcinoma, RCC), GSE91061
(melanoma), IMvigor210 (urothelial carcinoma, UC), and
GSE78220 (melanoma) datasets. The risk model scores
were calculated for each dataset to predict immunotherapy
response.

Tumor immune infiltration analysis and TIP analysis

We used the “IOBR” [16] package to determine the degree
of immune infiltration in TCGA-THCA patients using the
results of six evaluation methods, including EPIC and Esti-
mate, etc. Box plots were created to compare immune cell
infiltration in the tumor microenvironment between the two
groups.

Drug sensitivity and mutation analysis

We used the R package “oncoPredict” [17] to calculate the
IC50 of common chemotherapy drugs from the GDSCv2
database and the AUC value from the CTRP dataset to eval-
uate the relationship between CMLS score value and drug
sensitivity. Wilcoxon rank-sum test was used to compare
IC50 or AUC values between the two risk groups. Mutation
data for thyroid cancer were downloaded from the TCGA
GDC database, and the “maftools” package [18] was used
for analysis.

Cell culture

Two strains of undifferentiated TC cell lines (C643, HTH74)
and 1 strain of PTC cell line (TPC1) were obtained from
ATCC. All 4 cell lines were cultured in RPMI-1640 medium
supplemented with FBS. Transfection was performed using
lipofectamine 3000 (invitrogen) [19]. Cell inoculation was
carried out using 6-well plates.

RNA procurement and RT-qPCR analysis

Total RNA extraction was performed following previously
described protocols [20]. Reverse transcription of RNA
into cDNA was conducted using a reverse transcription kit
(Yeason). For subsequent PCR analysis, ChemoHS qPCR
Mix was utilized along with ACTIN as a reference gene
and specific primers.

Protein preparation and western blotting (WB)

WB was performed as preciously described [21]. Cell
lysate was incubated on ice for 15 min, followed by
centrifugation at 20,000 X g for 30 min at 4 °C. Protein
concentrations were determined using the BCA Protein
Assay Kit. The proteins were then transferred onto a poly-
vinylidene fluoride membrane. Primary antibody: a-SMA
(1:1000, EPR18430, abcam), vimentin (1:1000, EPR3776,
abcam).

Cell viability analysis, colony formation assay
and transwell analysis

Cell viability was evaluated using the CCK-8 assay as pre-
ciously described [20]. Briefly, 4 x 103 cells per well were
seeded in 96-well microplates. 10 pL of CCK-8 reagent
was added to each well. After 1 h of incubation, absorb-
ance was measured at 450 nm. For the colony formation
assay, cells were seeded in six-well plates and incubated at
36.7 °C for 11 days. To evaluate the invasion ability of TC
cells, 1x 10> cells were suspended in 200 pL of DMEM
medium with 5% FBS and plated into the upper chamber
of a Transwell system (Corning, NY, USA) coated with
matrigel. The lower chamber was filled with medium con-
taining 20% FBS. The cells were then cultured for 24 h.

Statistical analysis

All data processing, statistical analysis, and plotting were
performed using R 4.1.3 software. Pearson correlation
coefficient was used to evaluate the correlation between
two continuous variables. Chi-square test was used to
compare categorical variables, and Wilcoxon rank-sum
test was used to compare continuous variables. Cox regres-
sion and Kaplan—Meier analysis were performed using the
survival package.
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Results

Multi-omics consensus prognostic molecular
subtypes of THCA

We independently identified three subtypes from the 10
integrated multi-omics clustering algorithms, taking into
account the cluster prediction index, gap statistics analy-
sis, silhouette scores, and previous research experience
to determine the number of subtypes. Subsequently, we
further integrated the clustering results with the differ-
ent molecular expression patterns across transcriptom-
ics, epigenetic methylation, and somatic cell mutation
(Fig. 1A-C). Our classification system was closely associ-
ated with overall survival (OS) (P =0.022; Fig. 1D). Nota-
bly, Cancer Subtype 1 (CS1) exhibited the most favorable
survival outcome among all evaluated subtypes.

Division and molecular features of integrated
consensus molecular subtypes in THCA

Currently, the molecular subtypes of THCA are largely
based on the classification of molecular expression levels,
which may be associated with specific biological func-
tions. Therefore, we also attempted to explore the distinct
molecular features of these CSs. Interestingly, we found
that multiple cancer pathways such as hypoxia and epi-
thelial-mesenchymal transition (EMT) were significantly
enriched in CS2, while pathways such as lipid metabo-
lism and adipogenesis were significantly enriched in CS3,
consistent with an inferior survival outcome for CS2 and
CS3 compared to CS1 (Fig. 2A). To further investigate
transcriptional differences, we analyzed potential regula-
tors associated with cancer chromatin remodeling and 23
transcription factors (TFs) (Fig. 2B). Regulators such as
FGFR1 and TP63 were significantly activated in CS1 and
CS2, while RARB, AR, ESR2, and PPARG were specifi-
cally enriched in CS3. The regulatory subnetwork activ-
ity spectrum associated with cancer chromatin remodeling
further highlighted potential patterns of differential regula-
tion among the CSs, suggesting an epigenetic-driven tran-
scriptional network in TC progression. Given the crucial
role of tumor immunity in tumor occurrence and progres-
sion, we quantified the infiltration levels of immune cells
and demonstrated that immune cell infiltration was signifi-
cantly increased in CS2 and CS3 but relatively lower in
CS1 (Fig. 2C). Based on the results of differential expres-
sion analysis between subtypes, we selected 20 genes
specifically up-regulated in each subtype as classifiers to
further validate the stability of the subtypes (Fig. 2D). The
consistency of CSs with the NTP and partitioning around
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medoids (PAM) algorithms was also assessed (P < 0.005;
Fig. 2E-F).

Development of CMLS prognostic model

We identified 28 mRNA genes that were significantly asso-
ciated with OS from the “MOVICS” package [22]. Subse-
quently, they were included in the integrated framework to
execute CMLS. In the TCGA-Train training cohort, we built
a consistent model based on 101 algorithm combinations and
evaluated the predictive capability of all models (Fig. 3A).
Out of the 101 models, the Ridge algorithm maintained the
highest average C-index to construct the final model. The
model was constructed with 28 hub genes (Fig. 3B, C),
among which cartilage intermediate layer protein (CILP)
was found with highest hazard ratio and lowest p value.
We then calculated the CMLS scores for each sample in all
cohorts. High CMLS patients had poorer OS in the TCGA-
Train (P=0.00093), TCGA-Test (P=0.035), and TCGA-
Entire cohorts (P=0.00014) (Fig. 3D-F).

Comparison of CMLS model with other prognostic
models

To comprehensively compare CMLS with other TC prog-
nostic model signatures, we conducted a literature search of
relevant publications from the past five years and ultimately
included 16 different signatures. Importantly, CMLS dem-
onstrated better performance in terms of C-index compared
to almost all models in the TCGA-Train, TCGA-Test, and
TCGA-Entire datasets (Fig. 4A—C). We constructed a com-
prehensive nomogram and found that age and CMLS risk
score value were significantly associated with prognosis
(Fig. 4D). Calibration curves demonstrated the accuracy of
the nomogram in predicting survival outcomes (Fig. 4E).
DCA indicated that the nomogram provided greater clini-
cal benefit for patients compared to using CMLS alone
(Fig. 4F), and time-dependent C-index further confirmed the
superior predictive performance of the nomogram (Fig. 4G).

Immune characteristics associated with CMLS

TC patients of relatively lower CMLS score had signifi-
cantly higher levels of immune cell infiltration, including
T cells, B cells, and macrophages, indicating an immune-
activated state (Fig. 5A). Fibroblasts were predominantly
enriched in the TC patients of relatively higher CMLS
score, while molecular markers associated with immune
suppression and evasion, such as the EMT pathway, were
also mainly enriched in this group of TC patients, indicating
an immune-suppressive state (Fig. 5B, C). Features associ-
ated with better response to immune therapy, such as TMEs-
coreA, immune checkpoints, mismatch repair, and antigen



Clinical and Experimental Medicine (2024) 24:127 Page50f16 127

. ]Subtype
] snE
Il CIMLR
PINSPlus
NEMO
A \ \ coca
0.0 T O R 105t
LRAcluster
| | H ‘ H ‘ ConsensusClustering
IntNMF
| | | | I | || iClusterBayes
<
4
£ < Sromct C
— BIRCT
— CLDN2
o~ CCLIT
- sPP1 ‘ Wi
AL T m m o Subtype [0 00 L Subtype
it ‘ b W cst ;
i b Ecs2
i i At [Hcss
< | EHBAIIL R T
& i i l
o ¥ i ] | {miplT e AR 1
= 1
\ o 53.2 0
et it L~ LucaT -
! ' y [t oo i -2 matrix_4 Subtype
| b . i —UNCOT31  |ncRNA [ cs1
f hsa-mir-1247 i2 . 0.8 B cs2
: ; & 1 06 [Hcs3
b 0 04
ki ke I !—1 0.2
2 ' ] hea-mir-382 -2 0
x miRNA
£ : i 2
0
g 5 o -1
i ; e ) I
i ] Jf 3?,«1-"9 ma—a M value
h i o 18 Jt‘,"" - cg20747565 i 2
s| [ it L 1
2 | 9 ! 0
% i “’:#\ A e :r‘ 1 D ~= CS1 == €S2 =~ CS3
£ ST add !—2
= AL AL R ! . Mutated  1.00
h g b L L ) L copsezeony o
R o, i i e W :
EOﬂS
I ! h —RYR1 :':.:
< 4100 OO O O 0 —BRAF 2
2 | | | — uspax B, 050
£ | bl b | | I| —POZD2 s
5 | >
= Il 1 1 I —wmas 5
I ! [ &
| | | 0.25 _
([ I N 1 ||I p =0.022
0.00
0 5 10 15
Time (years)
Number at risk
cs14 244 46 5 0
€824 180 38 11 0
cs34 65 9 Z 0
0 5 10 15
Time (years)
Fig. 1 Prognostic molecular subtypes of THCA based on multi-omics Consensus clustering matrices of the three novel prognostic subtypes
consensus analysis. A Consensus heatmap of the integrated subtypes based on the 10 algorithms. D Survival analysis curves of the three

based on marker genes, including mRNA, IncRNA, miRNA, DNA subtypes in the cohort of THCA patients, shown in the form of KM
CpG methylation sites, and mutated genes. B Clustering of THCA curves
patients using 10 state-of-the-art multi-omics clustering methods. C

@ Springer



127 Page6of16

Clinical and Experimental Medicine (2024) 24:127

Subtype

TTVE_PHOSPHORYLATION
PANCREAS BETA_CELLS

wanescore

[ swomaiscore

I vz
wbtype

I |
(RO
[T AT Ty

T_cells egulatory_(Tregs)
T_cells_gamma_delts

c_cels_resting
Dendric_cels_actmared
Mast_c

resting
Mast_cells_activaied
Eosinophils

Neurophils

2
0
-2
-4

matrix_18 Subtype

W cst

ImmuneScore  TME

4000
l 3000
2000
1000
[}
-1000
StromalScore
2000
1000
[}
-1000
-2000
MeTIL
15

Immune
Check point
4

2
o
-2
-4

Consistency between NTP and CMOIC
Kappa = 0.381
P <0.001
o CS14 104 53
=
z
£
2
3
Z Cs2 0 76 3
3
172}
g
=
Qo
=3
» cs3d 0 0 9
N q, o
& & &

Subtvpes derived from CMOIC

I4

2
0
-2

cs2
cs3

Fig.2 Division and molecular features of integrated consensus
molecular subtypes in THCA. A Enrichment heatmap of hallmark
cancer-related features in the three subtypes. B Activity profiles of
23 TFs (top) and potential regulatory factors associated with chroma-
tin remodeling in the three subtypes (bottom). C Immune features in
the TCGA cohort. The top annotations in the heatmap show immune
enrichment scores of tumor-infiltrating lymphocytes, stromal enrich-

@ Springer

F

Subtypes derived from PAM

Subtype

Subtype

mcst

W cs2
ics3

Regulon
4

KDMIA g

ERMTS

Boact Io

KDMAC

HDACS -2

AR

KDMsB -4

HDAC

chromatin

2
0

-2
-4

Ty I 3 template

iy ALY A !
(]

T

|“ ‘\ i \‘| LR T ;

i | | {1l i“\\wv\u(‘ .
S A | | i ‘“pw
TR ;‘ I \‘M"“"'”" .z

| i
AL
L

2

I

Consistency between PAM and CMOIC
Kappa =0.782
P <0.001

CSs1 4 1

Cs2- 1

CS3- 16 10 63
s & &

Subtypes derived from CMOIC

remodeling

ment scores, and MeTIL. The top panel shows the expression of
typical immune checkpoint genes, and the bottom panel shows the
enrichment levels of 22 TME-related immune cells. D Validation of
CS in the NTP algorithm in the TCGA cohort. E Consistency of CS
with NTP in the TCGA cohort. F Consistency of CS with PAM in the
TCGA cohort



Clinical and Experimental Medicine (2024) 24:127

Page7of16 127

)

Survival probability

cahort
TCGA Entire
0| TCGA Test
e

CGA Train

StepCoxtbackaeardi - CoxBoost
StepCoxtboth] + Coxboost

Y
StepCoxtbackward] - Eneifar0.1)
StepCoxtboth] + Enetlaz0.1]

StepCoxtbackward) - Enet(a07)
StepCoxtbothl - Enctla-0.71
StepCoxtbackward) - Eneifa-04]

StepCoxthoth] + Enei(az05)
StepCoxtbackward] - Enetfa-03]
StepCoxtboth] + Enet(az0.3)
StepCoxthackward] - Ridge
StepCoxtboth] - Ridge.
StepCoxlbackward] - Pneifa:02]
StepCoxtbothi - Enctla
StepCoxlbackward] - Eneifaz0.6]

StepCoxthacksard] - Lasso
StepCoxtboth - Lasso.

CoxBoost - RSE
CoxBoost « StepCoxiforward)
StepCoxtbackward] - Enctfa-091

Fnetla:0.7]
Enedta0.)

CoxBoont  pisReox.

Lasso + CoxBoost

CoxBoost - StepCoxlbackward]
CoxBoost - StepCoxiboth]
StepCoxtbackward) - RSF
StepCoxtbothi - RSE

CoxBoost

superrc

StepCoxtbackward - survival- VM
StepCoxtboth] + survivak SV
StepCoxhacksardl - Superrc

| StepCoxtboth + SuperpC

RST 4 Fnet(az0.)
RSF+ Enetta-03]
[om | [ax RSP+ Enettamog)

e r——
RSF+ Enet(a=0.7)
RST ¢ Ridge
RSF + plaRcox
RSF + StepCoxtforward)
RSF + StepCoxthackward)
RSF + StepCoxtboth]
RSF+ Superec
RSP+ GBM
RSF+survival sVt
stepCoxtbackwardl
StepCoxhoth]
StepCoxtforward]
CoxBoost + GBM
Enetla-03]
Fned(a09]
anm
Lasso
Lasso + GRM
StepCoxtbackscard) - GBM
StepCoxtboth] + GBM

TCGA-Train
100
075 bt ———
0.50- £R moacas
- towamns
025
p=0.00093
000
1} T 9
Time (years)
Number at risk
High cMLS { 122 18 3 0
Low cMLs] 123 30 7 0
] T 3
Time (years)

Fig.3 Development and validation of CMLS
TCGA cohort. A Generation of 101 combinations of machine learn-
ing algorithms using a comprehensive computational framework. Cal-
culation of C-index using the TCGA-Train, TCGA-Test, and TCGA-
Entire cohorts, and ranking based on the average C-index of the

©® Risk ® Protective

Mean Cindex B
o5
0933 AC242988.1 . ]
A';’; MT-ND4L: o
0823 sTC1 o
0921 GEM °
092 SYNDIG1 .
0918 SNAI .
i PYCR1 °
o9 o .
o9
ot ApoD °
os1s FIBIN °
0913 ‘THBD ]
0913 PDLIM3 . ]
oxs ADAMTS5 °
oz SLC2A3 °
— NR4A1 ' ]
o
— FGF7 o
0912 SERPINEL °
0911 cILp . J
oot MFAP4 °
— Cl1orf6 °
- :
0811 SELE: °o
o1 THRSP P
091 FIBCD1 o
ool CLDN2 [
:z SOWAHA °
081 FAM111B L2
091 GJB4 o
0909 -0.1 .0 0.1
as0n Coefficient
as0
= C ,
o509 cie |
astn H
0509 SNAIl{ j—o——
aste '
w1 STClq o
0907 1
oo SYNDIG1{ be—i
0o h
o907
" PDLIM3 4 }o—t
0906 '
0306 THBD-{ {o—i
0502 '
0%z FIBIN{ +o—i
0899 '
0899 Cllorfo64 '
0899 1
0399 ADAMTS5 |
oss7 !
— MT-ND4L+ |
s !
osm
o NR4A1 :
osn
osez APODA 1 P value
089
0857 GEM{ |
087 ' 0.04
assz SERPINE1-
o ! 0.03
ossz SLC2A3- to——
on ' 0.02
oo OSM o ro—i .
'
— AC242988.14 ! 001
0816 1
o846 '
osie GAS1q |
o8ss '
= MFAP4 4 jo—
osis '
osts FGF74 to—
0845 1
oas SELE4 le—i
0844 1
o] PYCR1{ |o—
o8z |
= FAM111B4
™ !
o813
s FIBCD1Y
o708
9538 THRSP !
953
05 CLDN2+ ¢
= 1
05 SOWAHA- q
= 1
o5 GJB4- @
03 L
o 0 50 100
= Hazard ratio
E TCGA-Test F TCGA-Entire
100 100
075 075
z g
| El
E E
A g ons 2 e = wmons
z B roweas 3 = teems
i
£ H
& &
02 02
p=0.035 p=0.00014
000 000
o 10 15 o 1 15
Time (years) ‘Time (years)
Number at risk Number at risk
nighovis | 122 26 5 0 nighcnits{ 244 43 8 0
Lowewis] 122 19 3 o Lowais] 245 50 10 0
] T o =

prognostic model in

T . B
Time (years) ‘Time (years)

validation set. B The identified 28 hub genes selected by the Ridge
algorithm. C Univariate Cox regression analysis of the identified 28
hub genes in the TC training cohort. D-F Survival analysis of TC
patients of different levels of CMLS scores in the TCGA-Train (D),
TCGA-Test (E), and TCGA-Entire cohorts (F)

@ Springer



127 Page8of16 Clinical and Experimental Medicine (2024) 24:127

A TCGA-Train B TCGA-Test C TCGA-Entire
I
! T
CMLS I o Hu{ ! ® CMLS ®
! 1
Zhong | -©- Xu- ! o) Hu ! -0
1
I i X
Hu o —0— CMLS : @ Xu ! —o—
1
Xu D —e— Tian - : —0— Tian; | o -
I i X
Tian L —0— Han-Aging 1 ! —_0— Zhong A ol
1
Wang | —Q— Mu | G SR Wang ! —@—
Wen | ——  + Wang . —@— | HanAging] | e *
! 1 X
Yu- | —0— * Wu- : —_—— Mu ! —@— xxn
Han-Aging 1 —— Chen- L —— Wen ! —0— wx
1 1 X
1 ) ' i
Mu - al—.— *x LiuA :_._ Wu —:—.— *k
Zhang - N — * Zhong 1 —_— . Zhang —:—.— .
| ! . 1
Wu-CCI 1 —— = Zhang| ——@O——— Liu- —o—
! 1
Huang{ —t@—— = Wen{ —o@— Wu-CCI —0—
1 ' 1
Han{ ——O— o Yu/ o el Chen —Ib— .
! 1
Liu{ ——O0—— o Huang{ @ | o Yu+ —b— wr
Wu+ () * Han{ @ ! - Huang - +. ]
! 1 .
Chen{ @ Wu-CCI{@ ! Han —0.—
05 07 09 05 07 09 05 07 09
D E
Survival N am ?‘ 1 — 1year
Polts 0 0 20 30 %0 50 wwﬁ B0 % 100 —— S3-year
Rs™* —— 5-year
iy = o @ y
" [y e g 2
Stage Lnkoown . : ,:;m S 3
Gender [E g |
Ao ——e—
Tk m W
Total points o]
wm @ w W w S
:m.% o %1.%5’01 06 0998 — ovepnpegoNOMOGrAM-prediced OS iy e
;ﬁ 1515/ 0.1 06 0.998
A 85555 0ss
F 0.10 G .
- —— Nomogram
—— Gender
. % — Age
s Stage
B
"
— Nomogam v | =
0.05 Gend °© —— CMLS
g el P I —
2 " s °
Z —
0.00 N 2 | /
"- 5]
i e 4 & s w @ o
000 05 050 100 Time (years)
Risk Threshold
Fig.4 Comparison of CMLS with other prognostic models. A—C tion curve of the comprehensive column line graph. F DCA analysis

Comparison of CMLS with 16 other published TC models in the demonstrating the benefit of the comprehensive column line graph
TCGA-Train, TCGA-Test, and TCGA-Entire cohorts. D Compre- in clinical practice for patients. G Comparison of C-index over time
hensive column line graph constructed based on CMLS. E Calibra- between the comprehensive column line graph and CMLS

@ Springer



Clinical and Experimental Medicine (2024) 24:127

Page9of16 127

>

100] HE waw wx ek

G L

Estimated Proportion

TME Immune Cell Type Signatures

B T

AR R SRR KRR KRR R RE R R KRR R R KRR R R R

uuu“ﬂﬂ uuhﬂhnﬁuuhu

i

uuu“ #h“ i

000
R y“ F&FFS LSS SS PRSP ELSLS LSS LSS LSS ES S
S & & & & S e & s v’” & & w‘” R AR S Q AR A R S & & &
& & & FF & E TS S TS TS & X S ¥8 & & & S & & §
& R E & @“‘&d‘y\) SEFES &° o .&Q"a\ e FEL IS
> N & o
& 5 <5 ¥ & & N # & &S S A & & & Sy S
T & < § W <& K B
4 & W & & <
&
e
§ . ;
. risk B3 high B3 low
B Immune Suppression Signatures C Immune Exclusion Signatures D Immunotherapy Biomarkers
o] = ns ” - . o] - ns - -
o . ns
g s
§ oas £ o S 06
: : : +r
5 E £ T
Eu E s Eo +
£ £ - : SR - & T+
2. + E i ]
£ gnzs + e . T
B o -L & -L . : Z
- - —-— "
I EARC AN Y A
& & & o f & & A « & & & < & &
d & & o & L & & & &S oF
&e’ « & < < f e o« <& < S < &
& N < & & i
+ A
visk 3 high B9 low ) »
risk B3 high B3 low risk B3 high B low
E F Wilcoxon, p = 0.0036 G Reolt,p=0028

L g

log2(TMB+1)

Macrophages_M0_CIBERSORT

015

Macrophages_M1_CIBERSORT

woweis 1
. - 00
high 10w
=210 =215 H H 3 i
CMLS
H TCGA-Entire I TCGA-Entire J TCGA-Entire
1.00 % 1.00 % 100
075 075 075
Z Z z
g E E
2 % H
o050 £ 050 o050
] K] ]
] 2 E]
E . 4 y 4 .
2 Risk-TMB 2 Risk-Mo.cell 2 Risk-M1.cell
=~ H-TMB+high_risk ~ H-Mo.cell+high_risk = H-Ml.cell+high_risk
= H-TMBelow_risk == H-Mo.cell+low_xisk = HMlcell+low_risk
025 ~~ LTMB+high_risk 025 = L-Mo.cell+high_risk 025 ~ L-M.cell+high_risk
p <0.0001 ~ L-TMB+low_risk p <0.0001 = L-Mo.cell+low_risk p=2e-04 = L-M1.cell+low_risk
000, 000 000
I 3 3 i ] 5
Time(years) ‘Time(years) Time(years)
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presentation machinery (APM), were significantly enriched
in the TC patients of relatively lower CMLS score, while
TMEscoreA and Pan_F_TBRs were significantly enriched in
the TC patients of relatively higher CMLS score (Fig. 5D).
Tumor mutation burden (TMB), a recognized biomarker
for assessing patient response to immune therapy, and MO
and M1 macrophages, which play a specific role in immune
therapy for bladder cancer, were also analyzed for differ-
ences in their levels between the TC patients of different
CMLS score value. TC patients of relatively lower CMLS
score value had lower TMB and higher MO macrophages,
while the high CMLS group exhibited the opposite pattern.
Correlation analysis showed a positive correlation between
M1 macrophages and CMLS score value (Fig. SE-G). Sur-
vival analysis also revealed that CMLS could serve as an
effective complementary factor to TMB, M0 macrophages,
and M1 macrophages in distinguishing TC patient prognosis
(Fig. SH-J). In the TC patients of relatively higher CMLS
score, lower TMB, lower MO macrophages, or higher M1
macrophage infiltration were associated with better survival
prognosis in TC patients.

Immunotherapy analysis based on CMLS score value

We used the IMvigor dataset and calculated its CMLS value,
revealing that patients with high CMLS values had worse
prognosis (Fig. 6A). Boxplot results of CMLS showed that
the Response group had lower CMLS values compared to
the NonResponse group (Fig. 6B). As regard to the compo-
sition of the two CMLS groups, TC patients of relatively
lower CMLS score had more Response patients (Fig. 6C).
Subsequently, we found significant differences in immune
processes, such as stepl, step2, and step4 of CD8 T cell
recruiting process, between TC patients of different CMLS
score value (Fig. 6D). The TC patients of relatively lower
CMLS score showed better responsiveness in TIDE analysis
(Fig. 6E—G). We then calculated the CMLS values using
three other immune datasets, namely Braun (renal cell car-
cinoma, RCC), GSE91061 (melanoma), and GSE78220
(melanoma), and found that patients in the high CMLS
group also displayed worse prognosis (Fig. 6H, I). In the
GSE91061 dataset, the Response group had higher CMLS
values than the NonResponse group, although not significant
(Fig. 6J).

Drug sensitivity analysis based on CMLS score value

GSEA showed significant activation of EMT, hypoxia, and
other pathways in TC patients of relatively higher CMLS
score value (Fig. 7A). We found that Docetaxel_1007
showed significant differences between the TC patients
of different CMLS score value (Fig. 7B). Additionally,
while focusing on significance, we also calculated the
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correlation with CMLS and identified several negatively
correlated drugs that could be suitable for patients with
high CMLS. From the GDSCv2 database, we selected
Staurosporine_1034 and Rapamycin_1084, which showed
significant correlation and significance (Fig. 7C, D). From
the CTRP database, we selected gemcitabine and topote-
can, which showed significant correlation and significance
(Fig. 7E, F). Moreover, we examined the expression differ-
ences of target genes FLT3 (staurosporine), KDR (Rapa-
mycin), and TOP1 (topotecan) between tumor and adja-
cent tissues (Fig. 7G, H), all of which displayed significant
differences.

Knockdown of SNAI1 significantly reduced the TC
proliferation and EMT phenotypes

We investigated the transcript levels of the hub genes
derived from the CMLS model with top hazard ratio. The
significant elevation of the CILP was not consistent in the 2
stains of undifferentiated TC cell lines (Fig. 8A). However,
a distinguishable up-regulation of SNAI1 was observed in
both 2 strains, comparing to the PTC cell line (Fig. 8B).
We knocked down SNAII in the C643 cell line (Fig. 8C).
The E-cadherin was found to be significantly reduced in the
C643 cell line, comparing to both C643 cell line with SNAII
knockdown and PTC cell line. The a-SMA and vimentin,
both mesenchymal markers, were up-regulated in the C643
cell line (Fig. 8D). A significant reduction in cell prolifera-
tion rate could be found in the C643 cell line with SNAI1
knockdown (Fig. 8E). Consistent with the CCK-8 analysis
results, we observed a marked reduction in the colony for-
mation capability and invasiveness of the C643 cell line
with SNAI1 knockdown (Fig. 8F). Collectively, these results
suggested SNAI1 functioned as a critical promoter in TC
progression through promoting EMT and cell proliferation.

Discussion

Employing a suite of multi-omics clustering algorithms, we
delineated three molecular subtypes of thyroid cancer (TC),
each linked to distinct survival rates and characterized by
unique molecular profiles. We developed a prognostic model
named the Consensus Machine Learning-Driven Signature
(CMLS), derived from the expression of 28 pivotal genes.
Comparative assessments demonstrated that the CMLS
model surpasses existing prognostic tools in accurately
predicting outcomes for TC patients. Notably, lower CMLS
scores correlated with increased levels of T cells, B cells,
and macrophages, signifying an immune-active condition.
Conversely, the high CMLS score subgroup was marked
by an abundance of fibroblasts and exhibited profiles typi-
cal of immune suppression, which may facilitate immune
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evasion. Additionally, our findings suggest that drugs such
as Staurosporine_1034, Rapamycin_1084, gemcitabine, and
topotecan could be particularly efficacious for patients with
elevated CMLS scores. We also uncovered a role for the
transcription factor SNAII in promoting TC progression
via epithelial-to-mesenchymal transition (EMT) in vitro,
pointing to its potential as a novel target for therapeutic
intervention.

Our CMLS model was constructed with 28 hub genes,
among which cartilage intermediate layer protein (CILP)
was found with highest hazard ratio and lowest p value.
However, the role of CILP in the cancer progression remains
largely controversial. Low CILP expression was associated
with a poor prognosis in stage III-IV breast cancer. CILP was
downregulated in breast cancer brain metastases (BCBM)
and negatively correlated with VEGFA, which is involved in
brain metastasis development. In vitro experiments showed
that CILP inhibited breast cancer cell proliferation and
metastasis. Further analysis revealed that CILP was associ-
ated with immune effects and T cell receptor signaling in
BCBM [23]. In the context of esophageal squamous cell car-
cinoma (ESCC), 7 stemness-related genes, including CILP,
were found to be associated with prognosis, gene mutations,
and immune cell infiltration in ESCC. Knockdown of CILP
expressions with siRNAs largely inhibited the proliferation
of KYSE150 cells [24]. These results suggested that further
research into CILP was warranted.

We observed that TC patients of relatively lower CMLS
score had significantly higher levels of infiltration of T
cells, indicating an immune-activated state. The density of
lymphocytes in PTC has been found to be associated with
improved overall survival and lower recurrence rates [25].
Proliferating lymphocytes, identified by their expression
of the nuclear antigen Ki-67, have been shown to predict
enhanced disease-free survival in children and young adults
with PTC [26]. Infiltration of CD8+ T cells in TCs has also
been associated with improved disease-free survival and
reduced tumor sizes [27]. IL-2 and IL-15 play a role in regu-
lating the expression of cytolytic proteins that are involved
in T cell cytotoxicity. Treatment strategies that induce over-
expression of IL-2/IL-15 in the tumor microenvironment of
TCs could potentially activate T cells with cytotoxic activity.
Alternative delivery methods, such as encoding IL-2 in an
oncolytic virus, are being explored [28]. In their study, the
researchers investigated the presence of immune markers in
advanced thyroid cancer patients, evaluating their viability
as therapeutic targets. The analysis consistently detected
high levels of immune markers including PD-L1, FoxP3,
PD-1, and CDS8 within the cancerous tissues, indicating a
significant role for these markers in both the progression
and potential treatment of the disease. Immunohistochem-
istry revealed the presence of CD8(+) and FoxP3(+) T
cells in all advanced tumors and some metastases. PD-1(+)

@ Springer

lymphocytes were found in 50% of thyroid cancers. The
study suggests that PD-1 checkpoint blockades could be
effective in treating aggressive forms of thyroid cancer [29].

Markers associated with immune suppression and eva-
sion, in particular with EMT pathway, were also mainly
enriched in TC patients with higher CMLS score, indicating
an immune-suppressive state. A mechanism study revealed
that N-cadherin was associated with EMT in TC [30].
Another marker of EMT, CDH16, was found to be nega-
tively expressed and declined to a greater extent than E-cad-
herin, regardless of its positive or negative expression [31].
EMT was identified as a feature of TC patients with high
CMLS score. Detailed analysis investigating whether the
hub genes were implicated in the TC EMT progression could
shed some light on this direction, leading to a better under-
standing of TC carcinogenesis. In our study, we found that
SNAI1 was elevated in both undifferentiated TC cell lines,
comparing to PTC cells. Knockdown of SNAII reduced the
cell proliferation and EMT phenotypes of undifferentiated
TC cells. The researchers found that miR-199a-5p expres-
sion was reduced and SNAI1 expression was increased in
PTC tissues and cells. They showed that overexpression of
miR-199a-5p and knockdown of SNAII inhibited invasion
and EMT of PTC cells in vitro. Furthermore, they found that
miR-199a-5p directly targeted SNAI1 and downregulated its
expression in PTC cells [32]. These results were consistent
with our observation that SNAI1 was up-regulated in the
undifferentiated TC cells, which was characterized with an
inferior prognosis. We found SNAI1 as a pivotal regulator
of the EMT in the undifferentiated TC cells, while more
detailed analysis targeting the underlying molecular mecha-
nism warranted further investigation.

Conclusion

Our study emphasizes the application of multi-omics analy-
sis in unraveling the molecular subtypes and immune charac-
teristics of TC. We have developed a novel prognostic model
and identified potential therapeutic targets for this disease.
Moreover, we identified SNAI1 in mediating TC progression
through EMT in vitro.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s10238-024-01387-z.

Acknowledgements Thanks to Dr. Ye for his support.

Author contributions Xin Jin contributed to data collection, analysis,
and article writing. Chunlan Fu contributed to article language polish-
ing. Jiahui Qi contributed to contribution, data collection. Chuanzhi
Chen contributed to review and correct manuscript.

Funding This study was funded by The Doctoral Research Ini-
tiation Fund of the First Affiliated Hospital of Wenzhou Medical


https://doi.org/10.1007/s10238-024-01387-z

Clinical and Experimental Medicine (2024) 24:127

Page 150f 16 127

University(No. 2022QD048), Zhejiang Medical and Health Science
and Technology Plan Project (No. 2023RC293), Shaoxing Health
Science and Technology Plan Project (No. 2023SKY120), Zhuji
Medical and Health Science and Technology Plan Project (Grant No.
2023YWO095).

Data availability All raw data are available through the corresponding
author.

Declarations

Conflict of interest The authors declare that the research was con-
ducted in the absence of any commercial or financial relationships that
could be construed as a potential conflict of interest.

Ethical approval and consent to participate Not applicable.
Consent for publication All authors agree to publication.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I,
Jemal A, et al. Global cancer statistics 2020: GLOBOCAN esti-
mates of incidence and mortality worldwide for 36 cancers in 185
countries. CA Cancer J Clin. 2021;71(3):209-49.

2. Liu H, Deng H, Zhao Y, Li C, Liang Y. LncRNA XIST/miR-34a
axis modulates the cell proliferation and tumor growth of thyroid
cancer through MET-PI3K-AKT signaling. J Exp Clin Cancer
Res. 2018;37(1):279.

3. GouQ, Gao L, Nie X, Pu W, Zhu J, Wang Y, et al. Long noncod-
ing RNA AB074169 inhibits cell proliferation via modulation of
KHSRP-mediated CDKN1a expression in papillary thyroid car-
cinoma. Can Res. 2018;78(15):4163-74.

4. Shi X, Liu R, Basolo F, Giannini R, Shen X, Teng D, et al.
Differential clinicopathological risk and prognosis of major
papillary thyroid cancer variants. J Clin Endocrinol Metab.
2016;101(1):264-74.

5. Bedard PL, Hansen AR, Ratain MJ, Siu LL. Tumour heterogeneity
in the clinic. Nature. 2013;501(7467):355-64.

6. Navin N, Kendall J, Troge J, Andrews P, Rodgers L, McIndoo J,
et al. Tumour evolution inferred by single-cell sequencing. Nature.
2011;472(7341):90-4.

7. HuC, Zhao Y, Wang X, Zhu T. Intratumoral fibrosis in facilitating
renal cancer aggressiveness: underlying mechanisms and promis-
ing targets. Front Cell Dev Biol. 2021;9: 651620.

8. Binnewies M, Roberts EW, Kersten K, Chan V, Fearon DF, Merad
M, et al. Understanding the tumor immune microenvironment
(TIME) for effective therapy. Nat Med. 2018;24(5):541-50.

9. Van de Sande B, Lee JS, Mutasa-Gottgens E, Naughton B, Bacon
W, Manning J, et al. Applications of single-cell RNA sequencing

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

in drug discovery and development. Nat Rev Drug Discov.
2023;22(6):496-520.

So J, Mamatjan Y, Zadeh G, Aldape K, Moraes FY. Transcrip-
tion factor networks of oligodendrogliomas treated with adjuvant
radiotherapy or observation inform prognosis. Neuro Oncol.
2021;23(5):795-802.

Zhang Y, Li D. An original aneuploidy-related gene model for
predicting lung adenocarcinoma survival and guiding therapy. Sci
Rep. 2024;14(1):8135.

Ren H, Liu C, Zhang C, Wu H, Zhang J, Wang Z, et al. A cuprop-
tosis-related gene expression signature predicting clinical prog-
nosis and immune responses in intrahepatic cholangiocarcinoma
detected by single-cell RNA sequence analysis. Cancer Cell Int.
2024;24(1):92.

Meng J, Gao J, Li X, Gao R, Lu X, Zhou J, et al. TIMEAS, a
promising method for the stratification of testicular germ cell
tumor patients with distinct immune microenvironment, clini-
cal outcome and sensitivity to frontline therapies. Cell Oncol.
2023;46(3):745-59.

SuZ,HeY, You L, Zhang G, Chen J, Liu Z. Coupled scRNA-seq
and Bulk-seq reveal the role of HMMR in hepatocellular carci-
noma. Front Immunol. 2024;15:1363834.

Xiong W, Zhong J, Li Y, Li X, Wu L, Zhang L. Identification
of pathologic grading-related genes associated with kidney renal
clear cell carcinoma. J Immunol Res. 2022;2022:2818777.

Liu Y, Jiang C, Xu C, Gu L. Systematic analysis of integrated bio-
informatics to identify upregulated THBS2 expression in colorec-
tal cancer cells inhibiting tumour immunity through the HIF1A/
Lactic Acid/GPR132 pathway. Cancer Cell Int. 2023;23(1):253.

Mao J, Tao Y, Wang K, Sun H, Zhang M, Jin L, et al. Identifica-
tion of hub genes within the CCL18 signaling pathway in hepato-
cellular carcinoma through bioinformatics analysis. Front Oncol.
2024;14:1371990.

Zhang L, Zhang X, Guan M, Zeng J, Yu F, Lai F. Identification of
a novel ADCC-related gene signature for predicting the progno-
sis and therapy response in lung adenocarcinoma. Inflamm Res.
2024;73:841.

Liu N, Li D, Liu D, Liu Y, Lei J. FOSL2 participates in renal
fibrosis via SGK1-mediated epithelial-mesenchymal transi-
tion of proximal tubular epithelial cells. J Transl Intern Med.
2023;11(3):294-308.

Dou L, Lu E, Tian D, Li F, Deng L, Zhang Y. Adrenomedul-
lin induces cisplatin chemoresistance in ovarian cancer through
reprogramming of glucose metabolism. J Transl Intern Med.
2023;11(2):169-77.

Guo M, Cao Q, Xia S, Cao X, Chen J, Qian Y, et al. A newly-
synthesized compound CP-07 alleviates microglia-mediated neu-
roinflammation and ischemic brain injury via inhibiting STAT3
phosphorylation. J Transl Intern Med. 2023;11(2):156-68.

Cai Q, Li G, Zhu M, Zhuo T, Xiao J. Development of a novel
IncRNA-derived immune gene score using machine learning-
based ensembles for predicting the survival of HCC. J Cancer
Res Clin Oncol. 2024;150(2):86.

Sun X, Yang N, Zhou X, Dai H, Li Q, Feng A, et al. CILP, a
putative gene associated with immune infiltration in breast cancer
brain metastases. Front Genet. 2022;13: 862264.

Zhao M, Jin X, Chen Z, Zhang H, Zhan C, Wang H, et al.
Weighted correlation network analysis of cancer stem cell-related
prognostic biomarkers in esophageal squamous cell carcinoma.
Technol Cancer Res Treat. 2022;21:15330338221117004.

Kuo C-Y, Liu T-P, Yang P-S, Cheng SP. Characteristics of lym-
phocyte-infiltrating papillary thyroid cancer. J Cancer Res Pract.
2017;4(3):95-9.

Gupta S, Patel A, Folstad A, Fenton C, Dinauer CA, Tuttle RM,
et al. Infiltration of differentiated thyroid carcinoma by prolif-
erating lymphocytes is associated with improved disease-free

@ Springer


http://creativecommons.org/licenses/by/4.0/

127 Page 16 0of 16

Clinical and Experimental Medicine (2024) 24:127

217.

28.

29.

30.

survival for children and young adults. J Clin Endocrinol Metab.
2001;86(3):1346-54.

Cunha LL, Morari EC, Guihen AC, Razolli D, Gerhard R, Non-
ogaki S, et al. Infiltration of a mixture of immune cells may be
related to good prognosis in patients with differentiated thyroid
carcinoma. Clin Endocrinol. 2012;77(6):918-25.

Kang TH, Mao CP, He L, Tsai YC, Liu K, La V, et al. Tumor-
targeted delivery of IL-2 by NKG2D leads to accumulation of
antigen-specific CD8+ T cells in the tumor loci and enhanced
anti-tumor effects. PLoS ONE. 2012;7(4): e35141.

Bastman JJ, Serracino HS, Zhu Y, Koenig MR, Mateescu V, Sams
SB, et al. Tumor-infiltrating T cells and the PD-1 checkpoint path-
way in advanced differentiated and anaplastic thyroid cancer. J
Clin Endocrinol Metab. 2016;101(7):2863-73.

Da C, Wu K, Yue C, Bai P, Wang R, Wang G, et al. N-cadherin
promotes thyroid tumorigenesis through modulating major signal-
ing pathways. Oncotarget. 2017;8(5):8131-42.

@ Springer

31.

32.

Cali G, Gentile F, Mogavero S, Pallante P, Nitsch R, Ciancia G,
et al. CDH16/Ksp-cadherin is expressed in the developing thy-
roid gland and is strongly down-regulated in thyroid carcinomas.
Endocrinology. 2012;153(1):522-34.

Ma S, Jia W, Ni S. miR-199a-5p inhibits the progression of papil-
lary thyroid carcinoma by targeting SNAI1. Biochem Biophys Res
Commun. 2018;497(1):181-6.

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



	Revolutionary multi-omics analysis revealing prognostic signature of thyroid cancer and subsequent in vitro validation of SNAI1 in mediating thyroid cancer progression through EMT
	Abstract
	Introduction
	Methods
	Origin of transcriptomic data
	Multi-omics consistency analysis and risk features generated by machine learning-based integrated methods
	Molecular features and stability of common subtypes
	Construction of tumor-related risk features
	Differential gene analysis
	Prediction of immunotherapy response
	Tumor immune infiltration analysis and TIP analysis
	Drug sensitivity and mutation analysis
	Cell culture
	RNA procurement and RT-qPCR analysis
	Protein preparation and western blotting (WB)
	Cell viability analysis, colony formation assay and transwell analysis
	Statistical analysis

	Results
	Multi-omics consensus prognostic molecular subtypes of THCA
	Division and molecular features of integrated consensus molecular subtypes in THCA
	Development of CMLS prognostic model
	Comparison of CMLS model with other prognostic models
	Immune characteristics associated with CMLS
	Immunotherapy analysis based on CMLS score value
	Drug sensitivity analysis based on CMLS score value
	Knockdown of SNAI1 significantly reduced the TC proliferation and EMT phenotypes

	Discussion
	Conclusion
	Acknowledgements 
	References




