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ABSTRACT
Background: Epithelial–mesenchymal transition (EMT) plays a critical role in tumor progression; however, the underlying 
molecular mechanisms of EMT in papillary thyroid carcinoma (PTC) remain incompletely understood. This study aimed to 
investigate EMT-related mechanisms in PTC using an integrative approach combining single-cell RNA sequencing and machine 
learning.
Methods: Differentially expressed genes (DEGs) between PTC and normal thyroid tissues were identified, and EMT-related 
candidate genes were obtained by intersecting DEGs with EMT-related genes (EMT-RGs). Prognostic genes were screened using 
univariate Cox regression, and a risk model was constructed based on 101 machine learning algorithm combinations. Patients 
were stratified into high- and low-risk groups (HRG and LRG) according to risk scores, and the model was validated in an in-
ternal cohort. Additional analyses included nomogram construction, immune infiltration profiling, tumor mutational burden 
(TMB) assessment, drug sensitivity prediction, and molecular regulatory network analysis. Prognostic gene expression was fur-
ther validated in vitro.
Results: Eight EMT-related prognostic genes (TYRO3, E2F1, TNFSF15, TGFBR3, PTX3, FHL2, SNAI1, and WT1) were iden-
tified. Patients in the HRG exhibited significantly poorer overall survival than those in the LRG. The nomogram showed good 
predictive accuracy for survival estimation. Immune infiltration analysis revealed significant differences between risk groups 
across six immune-related features. Splice site–related mutations were predominantly observed in the LRG but were absent in 
the HRG. Drug sensitivity analysis indicated higher sensitivity to BIRB.0796 in the LRG, whereas ABT-263, AG-014699, BX-795, 
and DMOG were more effective in the HRG. Single-cell analysis identified fibroblasts as key cell populations, with FHL2, PTX3, 
and TGFBR3 showing increased activity during critical differentiation stages. In vitro experiments confirmed expression pat-
terns consistent with bioinformatics findings.
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Conclusion: This study identifies eight EMT-related prognostic genes in PTC and highlights their potential value as biomarkers 
for prognostic evaluation and therapeutic stratification.

1   |   Introduction

Papillary thyroid carcinoma (PTC), the most common endo-
crine malignancy, represents 80%–90% of thyroid cancers [1], 
with a rapidly rising global incidence attributed to improved 
diagnostics and environmental factors like radiation exposure 
during childhood [2, 3]. Although most patients achieve favor-
able outcomes following surgery and radioactive iodine (RAI) 
therapy, approximately 10%–15% develop aggressive disease 
characterized by RAI resistance, recurrence, or distant metas-
tasis—clinical phenotypes that are inadequately predicted by 
the current TNM staging system [4, 5]. This prognostic uncer-
tainty highlights an urgent need for molecular biomarkers ca-
pable of early identification of high-risk patient subsets, with 
epithelial–mesenchymal transition (EMT)-related pathways 
emerging as particularly promising candidates due to their es-
tablished roles in metastatic dissemination [6].

EMT is a conserved biological process in which epithelial cells 
lose apical–basal polarity and acquire mesenchymal features, 
thereby gaining migratory and invasive capabilities [7, 8]. 
Beyond its physiological roles in embryonic development and 
wound healing, EMT contributes to cancer progression by pro-
moting immune evasion, therapeutic resistance, and metastatic 
spread [9]. In PTC, EMT activation has been associated with 
extrathyroidal extension, lymph node metastasis, and tumor 
dedifferentiation [10]. Key transcriptional regulators, includ-
ing SNAI1 and TWIST1, repress epithelial markers such as E-
cadherin while inducing mesenchymal markers like vimentin 
[11, 12]. Nevertheless, a systematic and prognostically relevant 
characterization of EMT-related genes (EMT-RGs) in PTC re-
mains largely lacking.

Single-cell RNA sequencing (scRNA-seq) has revolutionized 
cancer research by enabling high-resolution dissection of tumor 
ecosystems at the cellular level [13, 14]. In PTC, scRNA-seq 
studies have identified rare EMT-transitioning tumor cells, 
fibroblast-driven stromal remodeling, and immunosuppressive 
microenvironments dominated by M2 macrophages [10, 15, 16]. 
most existing studies have focused on descriptive cellular het-
erogeneity and have not effectively translated these insights into 
clinically actionable prognostic biomarkers. Integrating scRNA-
seq with machine learning provides a powerful opportunity to 
map EMT-related transcriptional programs across cellular states 
and to uncover novel therapeutic vulnerabilities.

Conventional prognostic models for PTC often rely on limited 
gene panels or single-algorithm approaches, which may intro-
duce bias and instability when applied to high-dimensional 
transcriptomic data  [17, 18]. To overcome these limitations, 
we applied ten distinct machine learning algorithms—includ-
ing CoxBoost, DeepSurv, and XGBoost—to analyze transcrip-
tomic profiles from 712 patients. This multi-algorithm strategy 
emphasizes genes with consistent prognostic relevance across 
diverse computational paradigms, thereby reducing overfitting 
and improving model robustness and generalizability [19, 20].

To address these challenges, we propose a novel computational–
experimental framework that integrates scRNA-seq analysis with 
101 combinations of machine learning algorithms. This approach 
is designed to overcome the limitations of traditional single-model 
strategies by resolving EMT-driven cellular dynamics at single-cell 
resolution and prioritizing prognostic genes supported by cross-
algorithm consensus. Through this integrative strategy, we aim 
to establish robust EMT-related prognostic signatures and to iden-
tify therapeutic vulnerabilities associated with stromal–immune 
remodeling. Collectively, our study advances the understanding 
of EMT in PTC and facilitates the translation of multi-omics dis-
coveries into clinically actionable tools for risk stratification and 
targeted intervention in thyroid cancer management.

2   |   Method

The research workflow of this study was shown in Figure S1.

2.1   |   Data Collection

Data on gene expression profiles, clinical characteristics, so-
matic mutations, and survival outcomes of PTC were obtained 
from The Cancer Genome Atlas (TCGA) database (http://​cance​
rgeno​me.​nih.​gov/​) (TCGA-THCA; accessed on October 12, 
2024). The TCGA-THCA cohort comprised 505 PTC tumor sam-
ples, of which 504 had complete survival information, as well as 
59 normal thyroid tissue samples. All transcriptomic data were 
generated using high-throughput mRNA sequencing on the 
Illumina HiSeq 2000 platform. The TCGA-THCA PTC samples 
were randomly divided into a training set (TCGA-THCA-train, 
70%) and an internal validation set (TCGA-THCA-test, 30%). 
CircRNA expression data (GSE205733) and single-cell RNA se-
quencing (scRNA-seq) data (GSE184362) related to PTC were 
retrieved from the Gene Expression Omnibus (GEO) database. 
The GSE205733 dataset (platform GPL20301) included four 
PTC tumor samples and four matched adjacent normal thyroid 
tissue samples. The GSE184362 dataset (platform GPL24676) 
consisted of seven PTC tumor samples and was used for down-
stream single-cell analyses. A total of 1184 EMT-related genes 
(EMT-RGs) were obtained from the dbEMT database (version 
2.0) (https://​bioin​fo-​minzh​ao.​org/​dbemt/​​) (Table S1).

2.2   |   Identification of Differentially Expressed 
Genes (DEGs)

DEGs between PTC and normal thyroid tissues in the 
TCGA-THCA cohort were identified using the DESeq2 pack-
age (v1.34.0) [21] Genes with an absolute log2 fold change 
(|log2FC|) > 1 and an adjusted p value < 0.05 were considered 
significantly differentially expressed. Volcano plots were gen-
erated using the ggplot2 package (v3.4.4) (v 3.4.4) [22], with 
the top ten upregulated and downregulated genes annotated 
based on log2FC values. Heatmaps illustrating the top ten 
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upregulated and downregulated DEGs between PTC and 
normal tissues were constructed using the ComplexHeatmap 
package (v2.14.0) [23].

2.3   |   Identification and Functional Analysis 
of Candidate Genes

Candidate genes were identified by intersecting DEGs with 
EMT-related genes (EMT-RGs) using the ggvenn function im-
plemented in the VennDiagram package (v1.7.3) [24]. Functional 
enrichment analyses were subsequently performed to ex-
plore the biological significance of the candidate genes. Gene 
Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) pathway enrichment analyses were conducted using 
the clusterProfiler package (v4.7.1.003) [25] employing the en-
richGO() and enrichKEGG() functions, respectively, with a sig-
nificance threshold of p < 0.05. For KEGG analysis, the top five 
significantly enriched pathways ranked by ascending p value 
were visualized using the GOplot package (v1.0.2) [26], while 
all significantly enriched GO terms were visualized using “gg-
plot2” package (v 3.4.4). To investigate protein–protein inter-
actions (PPIs) among the candidate genes, a PPI network was 
constructed using the STRING database (v 12.0) (https://​strin​
g-​db.​org/​) (Interaction score > 0.4). The resulting network was 
visualized in Cytoscape (v 3.9.1) [27], with isolated nodes ex-
cluded from downstream visualization.

2.4   |   Identification of Prognostic Genes

Prognostic genes were identified through a combined strategy 
integrating univariate Cox regression analysis and multiple 
machine learning algorithms. Univariate Cox proportional haz-
ards regression was performed on candidate genes in the TCGA-
THCA training cohort using the survival package (v3.3–1) [28]. 
Genes meeting the criteria of p < 0.1 and hazard ratio (HR) ≠ 1 
were retained. The proportional hazards (PH) assumption 
was evaluated using the cox.zph() function, and genes satisfy-
ing the PH assumption (p > 0.05) were considered eligible for 
subsequent modeling. The results of the univariate Cox anal-
ysis were visualized using forest plots generated with the for-
estplot package (v2.0.1) [29]. To further refine prognostic gene 
selection, ten machine learning algorithms were applied to the 
TCGA-THCA training and validation cohorts, generating a total 
of 101 algorithm combinations with 10-fold cross-validation. 
The algorithms included stepwise Cox regression (survival, 
v3.7.0), random survival forest (RSF; randomForestSRC, v3.2.3) 
[30], elastic net (Enet; glmnet, v4.1.8) (v 4.1.8) [31], least abso-
lute shrinkage and selection operator (LASSO; glmnet, v4.1.8), 
partial least squares regression for Cox models (PLSR; plsRcox, 
v1.7.7) [32], CoxBoost (CoxBoost, v1.4) [33], support vector ma-
chine–recursive feature elimination (SVM-RFE; survivalsvm, 
v0.0.5) [34], Ridge regression (glmnet, v4.1.8), supervised prin-
cipal components (SuperPC; SuperPC, v1.12) [35], and gradient 
boosting machines (GBM; GBM, v2.1.9) [36].

The 10 machine learning algorithms mentioned above differed 
in variable selection methods, applicable data types, model in-
terpretability, and assumption conditions. By systematically 
integrating these algorithms into 101 distinct combinations, 

the complementary strengths of individual methods were lev-
eraged while mitigating their respective limitations, thereby 
enhancing the robustness of the analytical framework. Then, 
the consistency index (C-index) for each model was calculated 
in TCGA-THCA-train and TCGA-THCA-test, and the models 
with the highest C-index were identified as optimal models (C-
index > 0.6). Genes included in the optimal model were defined 
as prognostic genes, and patient-specific risk scores were calcu-
lated accordingly in both the training and validation cohorts.

2.5   |   Construction and Validation of Risk Models

A prognostic risk model was constructed in the TCGA-THCA 
training cohort based on the risk scores derived from the opti-
mal machine learning model. The formula for calculating the 
risk score was as follows:

The risk score for each patient was calculated as the weighted 
sum of gene expression levels, where Coef represents the re-
gression coefficient of each prognostic gene and expr denotes 
the corresponding gene expression level. Patients with avail-
able survival information were stratified into a low-risk group 
(LRG) and a high-risk group (HRG) according to the median 
risk score.

The distribution of risk scores and survival status was visual-
ized using the survminer package (v0.4.9) [37] and the ggrisk 
package (v1.3.0) [38]. Kaplan–Meier survival curves were gen-
erated using survminer, and survival differences between the 
HRG and LRG were assessed using the log-rank test. Time-
dependent receiver operating characteristic (ROC) curves at 1, 
3, and 5 years were constructed using the survivalROC package 
(v1.0.3) [39] to evaluate the predictive performance of the risk 
model. The same procedures were applied to the TCGA-THCA 
validation cohort to assess model robustness.

2.6   |   Association Between Risk Scores and Clinical 
Characteristics

In the TCGA-THCA training cohort, patients were stratified 
into subgroups according to clinicopathological character-
istics, including T stage, N stage, M stage, age, and sex, to 
investigate the relationship between risk scores and clinical 
features. Kaplan–Meier survival curves were generated using 
the survminer package (v0.4.9). Differences in survival out-
comes and risk score distributions between the HRG and LRG 
across clinical subgroups were evaluated using the Wilcoxon 
rank-sum test.

2.7   |   Independent Prognostic Analysis 
and Nomogram Construction

To evaluate the significance of independent prognostic factors in 
patients with PTC, variables associated with prognosis were in-
corporated to construct a nomogram model. In the TCGA-THCA 

Riskscore =

n
∑

i= 1

coef
(

genei
)

∗expr
(

genei
)
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training cohort, T stage, risk score, N stage, age, M stage, and 
gender were initially assessed using univariate Cox proportional 
hazards regression analysis (p < 0.05), with verification of the 
PH assumption (p > 0.05), implemented using the survival pack-
age (version 3.3–1). Subsequently, variables meeting the above 
criteria were further analyzed using multivariate Cox regression 
analysis (p < 0.05), and the PH assumption was again confirmed 
(p > 0.05) using the same package.

Based on the independent prognostic factors identified, a nomo-
gram model was constructed in PTC samples with available sur-
vival information from the TCGA-THCA training cohort using 
the rms package (datadist() function; version 6.2–0) [40]. In the 
nomogram, each variable was assigned a corresponding score, 
and the sum of these scores generated a total point value. Higher 
total points were associated with a lower probability of patient 
survival. The predictive performance of the nomogram was eval-
uated using calibration curves generated with the rms package 
(calibrate() function; version 6.2–0) and time-dependent receiver 
operating characteristic (ROC) curves constructed using the tim-
eROC package (version 0.4) [41]. The area under the curve (AUC) 
values for 1-, 3-, and 5-year survival exceeded 0.6, indicating sat-
isfactory predictive accuracy of the model.

2.8   |   Gene Set Variation Analysis (GSVA)

Gene set variation analysis (GSVA) was performed in PTC sam-
ples with available survival information from the TCGA-THCA 
training cohort using the GSVA package (gsva() function; ver-
sion 1.46.0) [42] to evaluate pathway-level differences between 
the HRG and LRG. The reference gene set used for analysis 
was c2.cp.v2023.2.Hs.symbols.gmt, obtained from the Molecular 
Signatures Database (MSigDB) (https://​www.​gsea-​msigdb.​org/​
gsea/​msigdb). Following GSVA, enrichment scores represent-
ing the relative activity of different pathways were calculated 
for each sample. Differential pathway enrichment between the 
HRG and LRG was subsequently assessed using the DESeq2 
package (version 1.34.0). Pathways with an adjusted p value 
< 0.05 were considered significantly different and were identi-
fied as key functional pathways.

2.9   |   Immune Infiltration and ESTIMATE Score 
Analysis

To investigate immune cell infiltration in PTC, the CIBERSORT 
algorithm was applied using the deconvo_tme() function to es-
timate the relative abundances of 22 immune cell types [43] 
in PTC samples with available survival information from the 
TCGA-THCA training cohort. Differences in immune cell in-
filtration between the HRG and LRG were assessed using the 
Wilcoxon rank-sum test, with p < 0.05 considered statistically 
significant. The results were visualized using the ggplot2 pack-
age (version 3.4.4). In addition, the psych package (version 
2.1.6) [44] was used to analyze correlations between differen-
tially infiltrated immune cells and the risk score, with |correla-
tion coefficient (cor)| > 0.3 and p < 0.05 defined as the threshold 
for significance. Furthermore, the ESTIMATE algorithm was 

employed to evaluate the stromal and immune components of 
the TME in PTC samples from the TCGA-THCA training co-
hort. Stromal score, immune score, and ESTIMATE score were 
calculated using the estimate package (estimateScore() func-
tion; version 1.0.13) [45].

The stromal score reflects the presence of stromal cells, the 
immune score represents the level of immune cell infiltration, 
and the ESTIMATE score, as a composite index of the former 
two, indicates the overall proportion of non-tumor cells within 
the TME. These scores enabled a comprehensive characteriza-
tion of the tumor microenvironment. Correlations between the 
ESTIMATE-related scores and the risk score were subsequently 
analyzed using the psych package (version 2.1.6), with |cor| > 0.3 
and p < 0.05 considered statistically significant.

2.10   |   Copy Number Variations (CNV) 
and Tumor Mutational Burden (TMB) Analyses

To characterize differences in tumor mutation load between the 
HRG and LRG, TMB was calculated in the TCGA-THCA train-
ing cohort based on somatic mutation data. TMB was defined as 
the number of somatic mutations per megabase of the effective 
coding region, according to the formula: TMB = somatic muta-
tions/L, where L represents the effective coverage area. TMB 
values were calculated and visualized using the maftools pack-
age (tcga_load() function; version 2.18.0) [46].

In addition, CNV analysis was performed to explore CNV-related 
genomic alterations in PTC and to evaluate their potential impact 
on prognosis between the HRG and LRG in the TCGA-THCA 
training cohort. Significant amplified and deleted genomic re-
gions were identified using GISTIC 2.0. The CNV landscape was 
subsequently visualized using the gisticChromPlot() function 
from the maftools package (version 2.18.0).

2.11   |   Cancer Immune Cycle and Tumor Immune 
Dysfunction and Exclusion (TIDE) Analyses

In PTC samples with available survival information from 
the TCGA-THCA training cohort, differences in cancer 
immunity-related processes between the LRG and HRG were 
evaluated using the cancer immune cycle framework. The 
seven-step cancer immune cycle pathways were obtained 
from the Tracking Tumor Immunophenotype (TIP) database 
(http://​biocc.​hrbmu.​edu.​cn/​TIP/​). To further assess potential 
differences in immunotherapy responsiveness between the 
HRG and LRG, TIDE scores were calculated using the TIDE 
algorithm. Comparisons of cancer immune cycle pathway 
activities and TIDE scores between the two risk groups were 
conducted using the Wilcoxon rank-sum test, with p < 0.05 
considered statistically significant. In addition, Spearman 
correlation analysis was performed to evaluate the associa-
tion between TIDE scores and risk scores, with |correlation 
coefficient (cor)| > 0.3 and p < 0.05 defined as statistically sig-
nificant. All results were visualized using the ggplot2 package 
(version 3.4.4).

https://www.gsea-msigdb.org/gsea/msigdb
https://www.gsea-msigdb.org/gsea/msigdb
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2.12   |   Drug Sensitivity Analysis

To evaluate differences in drug sensitivity between the LRG and 
HRG in the TCGA-THCA training cohort, PTC-related therapeu-
tic agents were obtained from the Genomics of Drug Sensitivity 
in Cancer (GDSC) database (v 12.0) (https://​www.​cance​rrxge​
ne.​org/​). The half-maximal inhibitory concentration (IC50) for 
each patient sample in the training cohort was predicted using 
the pRRophetic package (pRRopheticPredict() function; version 
0.5) [47]. Differences in IC50 values between the LRG and HRG 
were assessed using the Wilcoxon rank-sum test, with p < 0.05 
considered statistically significant. The results were visualized 
using the ggplot2 package (version 3.4.4).

2.13   |   Construction of the ceRNA Network

To elucidate the molecular regulatory mechanisms of prognos-
tic genes in PTC, a ceRNA network incorporating lncRNAs, 
miRNAs, circRNAs, and mRNAs was constructed. Expression 
data for lncRNAs and miRNAs were obtained from the TCGA-
THCA training cohort, and differentially expressed lncRNAs 
(DE-lncRNAs) and miRNAs (DE-miRNAs) were identified using 
the DESeq2 package (version 1.34.0), with |log2 fold change| > 1 
and p < 0.05 as the thresholds. Differentially expressed circRNAs 
(DE-circRNAs) were identified from the GSE205733 dataset using 
the limma package (version 3.50.1) [48]. MiRNAs targeting prog-
nostic genes were predicted using the miRNet database (https://​
www.​mirnet.​ca/​), and key miRNAs were determined by inter-
secting the predicted miRNAs with DE-miRNAs. Subsequently, 
lncRNAs and circRNAs interacting with the key miRNAs were 
retrieved from miRNet and intersected with DE-lncRNAs and 
DE-circRNAs to identify key lncRNAs and circRNAs. All in-
tersections were performed using the VennDiagram package 
(version 1.7.3). The lncRNA–miRNA–mRNA and circRNA–
miRNA–mRNA networks were visualized using Cytoscape 
(version 3.9.1). In addition, the top five regulatory axes with the 
highest number of predicted interactions were selected for ROC 
analysis using the pROC package (version 1.18.0) [49] to evaluate 
diagnostic performance, demonstrating an AUC > 0.6 considered 
indicative of acceptable accuracy.

2.14   |   Analysis of Prognostic Gene Expression

To investigate expression differences of prognostic genes be-
tween PTC tissues and normal controls, differential expression 
analysis was performed using the DESeq2 package (version 
1.34.0) in the TCGA-THCA dataset, with p < 0.05 considered sta-
tistically significant. In addition, immunohistochemistry (IHC) 
staining images of proteins encoded by prognostic genes in PTC 
and normal thyroid tissues were retrieved from the HPA data-
base (https://​www.​prote​inatl​as.​org/​) to further validate gene 
expression patterns at the protein level.

2.15   |   The scRNA-Seq Analysis

Single-cell RNA sequencing data from the GSE184362 dataset 
were processed using the Seurat package (version 5.0.1) [50]. 
Quality control filtering was performed to remove cells with 

fewer than 200 detected genes, genes expressed in fewer than 
three cells, cells with fewer than 400 or more than 5000 de-
tected features (nFeature_RNA), cells with fewer than 300 or 
more than 20,000 total counts (nCount_RNA), and cells with 
mitochondrial gene expression exceeding 5% (percent.mt). The 
filtered data were normalized using the NormalizeData function 
(LogNormalize method, scale factor = 10,000). Highly variable 
genes were identified using the FindVariableFeatures func-
tion and used for downstream analyses, with the top 10 most 
variable genes visualized using the LabelPoints function. Data 
scaling was performed using the ScaleData function, and sta-
tistically significant principal components (PCs) were identified 
using the JackStraw and JackStrawPlot functions. Principal 
component analysis (PCA) was conducted using the RunPCA 
function based on the selected highly variable genes, and the op-
timal number of PCs was determined using the ElbowPlot func-
tion. PCs with p < 0.05 were retained for subsequent analyses. 
Dimensionality reduction was performed using the Uniform 
Manifold Approximation and Projection (UMAP) algorithm, 
and cell clustering was conducted using the FindClusters func-
tion with a resolution of 0.4. Cell clusters were annotated based 
on known marker genes (Table S2), and marker gene expression 
across cell types was visualized using bubble plots. The relative 
proportions of different cell types in PTC samples were visual-
ized using the ggplot2 package (version 3.4.4).

The prognostic risk model was subsequently applied to the 
single-cell dataset to calculate a RiskScore for each cell. The 
spatial distribution of RiskScore across the single-cell landscape 
was visualized using FeaturePlot. Next, the average RiskScore 
per sample and per major cell type was computed and dis-
played in a heatmap. Finally, the expression and distribution 
of the prognostic genes at single-cell resolution were illustrated 
through UMAP projection and a bubble plot, which collectively 
helped identify key cell types. To investigate ligand–receptor 
interactions between key cell populations and other cell types, 
cell–cell communication analysis was performed using the 
CellChat package (version 1.6.1) [51]. To further explore cellu-
lar heterogeneity within key cell populations, these cells were 
re-clustered using the same dimensionality reduction and clus-
tering parameters described above. Differentially distributed 
subclusters were identified and visualized using UMAP plots 
and subsequently subjected to pseudotime trajectory analysis 
using the Monocle package (version 2.26.0) [52] to infer develop-
mental trajectories.

2.16   |   Clinical Sample Validation

The expression difference of prognostic genes was verified by 
reverse transcription quantitative PCR (RT-qPCR) between 
the PTC and the control. Five paired tissue samples, includ-
ing five PTC tissues and matched normal thyroid tissues, 
were obtained from West China Hospital. Written informed 
consent was obtained from all participants, and the study 
was approved by the institutional ethics committee (approval 
No. 2300068267). Firstly, the total RNA of 5 pairs of tissue 
samples was derived by TRizol reagent (Ambion, USA). The 
RNA concentrations were calculated via NanoPhotometer 
N50. Secondly, mRNA was reverse transcribed into cDNA 
utilizing a test kit (Servicebio, Wuhan, China). Finally, the 
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RT-qPCR was conducted. The reagents, conditions, and prim-
ers required for the experiment were in the attached table 
(Table  S3). The expression levels of prognostic genes were 
calculated by 2−ΔΔCt between control and PTC samples. The 
internal reference gene was GAPDH, which was employed to 
normalize the results calculated by GraphPad Prism (v 5.0) 
[53]. The expression differences between PTC and control 
samples were measured by t-test in the RT-qPCR experiment 
(p < 0.05).

2.17   |   Statistical Analysis

All statistical analyses and visualizations were performed using 
R software (v 4.2.2). For differential expression analysis between 
PTC and normal tissues in the TCGA-THCA and GSE205733 co-
horts, raw RNA-seq count data were processed using the DESeq2 
package (v 1.34.0). In analyses focusing on overall gene expres-
sion patterns, intergroup trends, or multi-dimensional associ-
ations, gene expression levels were standardized using FPKM 
values. For the scRNA-seq dataset (GSE184362), data normal-
ization was conducted with the Seurat package (v 5.0.1) using 
the LogNormalize method (scale. factor = 10,000), followed by 
scaling via the ScaleData function to regress out confounding 
sources of variation.

For comparisons between two groups, the two-sided Wilcoxon 
rank-sum test was applied for non-normally distributed data, 
while the two-sided independent samples t-test was used for 
data meeting normality assumptions (assessed by the Shapiro–
Wilk test), with a significance level of 0.05. Comparisons among 
three or more groups were performed using the Kruskal–Wallis 
test. Survival differences between risk groups were evaluated 
with the two-sided log-rank test. In pathway enrichment anal-
yses, the false discovery rate (FDR) was controlled using the 
Benjamini–Hochberg (BH) correction method. A BH-adjusted 
p-value < 0.05 was considered statistically significant. In fig-
ures, significance levels were denoted as follows: ****p < 0.0001; 
***p < 0.001; **p < 0.01; *p < 0.05.

3   |   Results

3.1   |   Functional Analysis of Candidate Genes

A total of 7174 DEGs were identified in PTC, including 3459 
upregulated and 3715 downregulated genes. The volcano plot 
highlights the top ten upregulated and downregulated genes 
(Figure  1A), while the heatmap illustrates the expression 
patterns of these genes between tumor and normal tissues 
(Figure 1B). By intersecting the DEGs with EMT-RGs, 264 can-
didate genes were obtained (Figure 1C). GO analysis identified 
1786 significantly enriched terms, comprising 1677 BPs, 30 CCs 
and 79 MFs (Table S4). The BP was mainly enriched in mesen-
chyme development and taxis (Figure S2A), the MF was mainly 
enriched in basement membrane and Golgi lumen (Figure S2B), 
and the MF was mainly enriched in chemokine activity and 
cytokine activity (Figure S2C). KEGG analysis enriched 77 sig-
nificant pathways (Table  S5), mainly including ECM-receptor 
interaction, PI3K-Akt signaling pathway, TGF-beta signaling 
pathway and Wnt signaling pathway (Figure S2D). They directly 

participated in the EMT process by regulating extracellular 
matrix remodeling, activation of transcription factors (such as 
SNAI1), and dynamics of cell adhesion. PPI network indicated 
that there was no interaction between the proteins encoded by 
the 22 candidate genes (Figure S2E).

3.2   |   Prognostic Value of the Risk Model

Thirteen survival related genes were identified by univari-
ate Cox regression analysis (Figure  1D, Figure  S3A). Among 
multiple machine learning combinations, the CoxBoost plus 
SuperPC model demonstrated optimal performance (CoxBoost: 
C-index = 0.877, SuperPC: C-index = 0.823). Based on this model, 
eight prognostic genes, including TYRO3, E2F1, TNFSF15, 
TGFBR3, PTX3, FHL2, SNAI1, and WT1, were selected to con-
struct the risk model (Figure 1E). Furthermore, in the TCGA-
THCA-train cohort, PTC patients with a risk score > −0.0457 
were classified into the HRG (185 PTC patients), and those with 
a risk score ≤ −0.0457 were classified into the LRG (185 PTC 
patients) (Figure 1F). The survival curve indicated that patients 
in HRG had a lower survival rate (p = 0.00053) (Figure 1G). The 
AUC values of ROC were greater than 0.8, which indicated that 
the model had high prediction accuracy (Figure 1H). Similarly, 
in the TCGA-THCA-test, the prognostic value of the model was 
verified (Figure S3B–D).

Analysis of clinical characteristics showed that patients older 
than 60 years, female patients, those with T3 or T4 stage disease, 
N0 stage, and M0 stage constituted the majority in both risk 
groups (Figure S4A,B). Comparison of risk scores across clinical 
subgroups revealed significant differences only between T1 and 
T2 stages (p < 0.05) (Figure  S4C). Subgroup survival analyses 
further demonstrated significant survival differences between 
the high risk and low risk groups in patients aged over 60 years, 
in both sexes, in T3 and T4 stages, and across M stages (p < 0.05) 
(Figure S4D).

3.3   |   Construction of the Nomogram

Univariate Cox regression analysis demonstrated that M 
stage, risk score, and age were significantly associated with 
overall survival in patients with PTC (Figure 2A, Figure S5A). 
These variables remained statistically significant in multivar-
iate Cox regression analysis (Figure 2B, Figure S5B) and were 
therefore incorporated into the nomogram model (Figure 2C). 
Calibration curves for 1, 3, and 5 years showed good agree-
ment between predicted and observed survival probabilities, 
with slopes close to 1, indicating high predictive accuracy of 
the nomogram (Figure 2D). Receiver operating characteristic 
analysis further confirmed the robust discriminative ability 
of the model, with area under the curve values exceeding 0.9 
(Figure 2E).

3.4   |   Enrichment Pathway, Immune 
Microenvironment, and Immunotherapy in PTC

According to GSVA analysis, there were 1822 different pathways 
in HRG, which included 1056 upregulated pathways and 766 
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FIGURE 1    |     Legend on next page.
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downregulated pathways (Table S6). After adjustment for multi-
ple testing, the top five upregulated and downregulated pathways 
were visualized, among which “tethering of late endosomes and 
lysosomes” and “BMP signaling pathway BMP antagonist” were 
prominently enriched (Figure  3A). These pathways may repre-
sent critical regulatory nodes involved in mesenchymal epithelial 
transition phenotypes and may contribute to the reversibility of 
invasion and metastasis in PTC. The relative infiltration levels of 
22 immune cell types were estimated using the CIBERSORT al-
gorithm (Figure 3B). Six immune cell populations, including M1 
macrophages, M0 macrophages, M2 macrophages, eosinophils, 
neutrophils, and memory B cells, exhibited significant differences 
between the two risk groups (Figure  3C). However, no strong 
correlations were observed between individual immune cell pro-
portions and risk scores, as none reached a Spearman correlation 
coefficient greater than 0.3 (Figure 3D). ESTIMATE analysis re-
vealed that the ESTIMATE score, immune score, and stromal 
score were all significantly higher in the HRG than in the LRG 
(p < 0.01) (Figure 3E). Correlation analysis further demonstrated 
that only the stromal score showed a significant positive correla-
tion with the risk score (cor = 0.4, p = 2.2 × 10−16) (Figure 3F), sug-
gesting a predominant contribution of stromal components to risk 
stratification. Analysis of the cancer immune cycle revealed sig-
nificant differences between the two groups in step 1, step 7, and 
most components of step 4 (Figure 3G). In addition, the TIDE score 
was significantly higher in the high risk group than in the low risk 
group (p < 0.0001) and showed a strong positive correlation with 
the risk score (cor = 0.36, p = 5.6 × 10−13) (Figure 3H), indicating a 
more pronounced immune dysfunction and exclusion phenotype 
in high risk PTC patients.

3.5   |   Tumor Mutations and Drug Sensitivity in 
the HRG and LRG

According to TMB analysis, the BRAF (52%), NRAS (7%), 
and MUC16 (3%) were the most common mutations in HRG 
(Figure 4A). However, the BRAF (71%), NRAS (8%), and TG (6%) 
were the most common mutations in LRG (Figure 4B). Notably, 
splice-site mutations were observed exclusively in the LRG but 
were absent in the HRG. CNV analysis further demonstrated 
marked genomic differences between the two groups. The HRG 
showed copy number gains on chromosome 5 and copy num-
ber losses on chromosomes 2, 8, 10, 11, and 16 (Figure 4C). In 
contrast, the LRG exhibited copy number gains only, primar-
ily on chromosomes 1, 4, and 22, without significant deletions 
(Figure 4D).

Drug sensitivity analysis identified 52 antitumor agents with 
significantly different predicted responses between the two 
groups. Among these, 37 agents showed higher sensitivity in 
the HRG, whereas 15 agents were more sensitive in the LRG 
(Figure 4E). The top five agents with the most significant dif-
ferences were further illustrated. Except for BIRB.0796, which 
demonstrated greater sensitivity in the LRG, the remaining four 
agents (ABT.263, AG.014699, BX.795, and DMOG) were more 
sensitive in the HRG (Figure 4F).

3.6   |   Diagnostic Value of Regulatory Molecules 
for PTC

To further explore the regulatory mechanisms underlying prog-
nostic gene expression in PTC, a competing endogenous RNA net-
work was constructed. Differential expression analysis identified 
2564 differentially expressed lncRNAs, 64 differentially expressed 
miRNAs, and 185 differentially expressed circRNAs (Figure S6A). 
Through database-based intersection analysis, 12 key lncRNAs, 10 
key miRNAs, and 39 key circRNAs were selected for downstream 
investigation (Figure  S6B). Based on these regulatory relation-
ships, lncRNA–miRNA–mRNA networks (e.g., LIFR-AS1–hsa-
miR-342–E2F1) and circRNA–miRNA–mRNA networks (e.g., 
ZEB1–hsa-miR-342–E2F1) were constructed (Figure S6C,D). ROC 
analysis of the top five regulatory axes demonstrated that both the 
prognostic genes and key circRNAs exhibited favorable diagnostic 
performance for PTC (Figure S6E).

3.7   |   Expression of Prognostic Genes in 
PTC-Related Cells

ScRNA-seq data analysis yielded 23,050 genes and 63,128 cells 
after quality control (Figure S7A,B). The top 2000 highly variable 
genes were identified, and the ten most variable genes were visu-
alized (Figure S7C). Principal component analysis showed that 
the first 50 PCs were statistically significant, while the elbow 
plot indicated stabilization after 30 PCs; therefore, 30 PCs were 
selected for downstream analyses (Figure S7D). Based on these 
PCs, 25 distinct cell clusters were identified in the GSE184362 
dataset (Figure S7E).

Cell clusters were annotated using canonical marker genes, result-
ing in the identification of six major PTC-associated cell types: B 
cells, myeloid cells, endothelial cells, fibroblasts, T and NK cells, 
and thyrocytes (Figure  5A). The expression patterns of marker 

FIGURE 1    |    Acquisition of 8 prognostic genes. (A) Volcano plot of differentially expressed genes (DEGs). The y-axis represents −log10 (adj.p value), 
and the x-axis represents the fold change, expressed as log2FC. Red dots represent upregulated genes, blue dots represent downregulated genes, and 
gray dots represent genes with nonsignificant differences. The names of the top 10 upregulated and downregulated genes were labeled. (B) Heatmap 
of the DEGs labeled in the volcano plot. “T” represents the PTC group, and “N” represents the control group. Red indicates high expression, and 
green indicates low expression. (C) The intersection of DEGs and EMT-RGs was used as candidate genes. (D) Forest plot of univariate Cox regression 
analysis. (E) 101 machine learning algorithm combinations. The left side shows the combinations of machine learning algorithms, the middle shows 
the C-index values corresponding to TCGA-THCA-train and TCGA-THCA-test, and the right side shows the average C-index. (F) Risk curve and 
scatter plot of PTC patients in TCGA-THCA-train. Blue represents the LRG (n = 185), yellow represents the HRG (n = 185), and the median risk score 
is −0.0457. (G) KM curve of PTC patients in the LRG and HRG within TCGA-THCA-train. The x-axis represents overall survival time (days), and the 
y-axis represents survival probability. (H) ROC curve of the TCGA-THCA-train model. The x-axis represents specificity, and the y-axis represents 
sensitivity. The area enclosed by the curve and the x-axis is called the AUC. The closer the AUC value is to 1, the better the diagnostic performance.
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genes across clusters and the relative proportions of each cell 
type are shown in Figure S7F,G. Comparative analysis revealed 
that most prognostic genes exhibited higher expression levels 
in fibroblasts than in other cell types (Figure  5B, Figure  S7H). 
Furthermore, risk scores exhibited marked heterogeneity across 

different cell types, with endothelial cells and fibroblasts display-
ing significantly higher average risk scores compared to other cell 
populations (Figure  5C). These findings suggest that fibroblasts 
may play a central role in PTC progression and were therefore de-
fined as the key cell type for subsequent analyses.

FIGURE 2    |    Development and validation of a nomogram for predicting PTC prognosis. (A) Forest plot of univariate Cox regression analysis for 
risk scores and clinical features. (B) Forest plot of multivariate Cox regression analysis. (C) Nomogram model constructed from independent prognos-
tic factors, predicting the 1, 3, and 5 years mortality probabilities of PTC patients. (D) Calibration curve of the nomogram. The x-axis represents the 
predicted event rate, and the y-axis represents the observed actual event rate. The dashed line indicates the perfect calibration state, and the colored 
lines represent the prediction accuracy for 1, 3, and 5 years. (E) ROC curves of the nomogram for 1, 3, and 5 years.
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FIGURE 3    |    Pathway analysis and immune cell infiltration with risk score correlation in PTC. (A) Top 10 results of GSVA. Blue represents acti-
vation in the LRG, and purple represents activation in the HRG. (B) Relative infiltration abundance of immune cells in PTC patients of the LRG and 
HRG. (C) Differences in the relative infiltration abundance of immune cells between the LRG and HRG. (D) Correlation between risk scores and 
differentially infiltrated immune cells. The x-axis represents the correlation coefficient. The darker the color of the line, the smaller the p-value; the 
larger the circle at the end of the line, the higher the correlation. (E) Differences in stromal score, immune score, and ESTIMATE score between the 
LRG and HRG. (F) Correlation between stromal/immune/ESTIMATE scores and risk score. (G) Differences in ssGSEA scores of immune pheno-
types/processes between the LRG and HRG. (H) Correlation between TIDE score and risk score.
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Cell–cell communication analysis indicated that myeloid cells 
exhibited the strongest interactions with fibroblasts and thyro-
cytes, whereas interactions between B cells and thyrocytes were 
the most prominent overall (Figure 5D). Besides, B cells and thy-
rocytes interacted through MIF—(CD74 + CXCR4) (Figure 5E). 
Fibroblasts were further subdivided into 11 distinct subclusters 
(Figure 5F). Pseudotime trajectory analysis revealed a progres-
sive differentiation process from early to late stages (Figure 5G). 
Early-stage fibroblasts (stage 1) were mainly composed of 

clusters 0 and 1, intermediate stages (stages 2 and 3) were dom-
inated by clusters 3 and 4, and late stages (stages 4 and 5) were 
primarily represented by clusters 2 and 9, while clusters 5 and 
7 were present across all stages. Gene expression dynamics 
showed that FHL2 was predominantly active during early dif-
ferentiation, whereas PTX3 and TGFBR3 were upregulated at 
later stages, while the remaining prognostic genes displayed 
relatively stable expression throughout fibroblast differentiation 
(Figure 5H).

FIGURE 4    |    Integrated analysis of genomic profiles and drug sensitivity between HRG and LRG in PTC. (A) The top 20 genes with the highest 
mutation frequencies in the HRG. (B) The top 20 genes with the highest mutation frequencies in the LRG. (C) CNV distribution map of the HRG. 
Red regions indicate the frequency of copy number gains (amplifications), and blue regions indicate the frequency of copy number losses (deletions). 
(D) CNV distribution map of the LRG. (E) Differences in drug sensitivity between patients in the LRG and HRG. Green represents drugs more sensi-
tive to the LRG, red represents drugs more sensitive to the HRG, and gray represents no significant difference. (F) The top 5 most significant drugs.
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FIGURE 5    |     Legend on next page.
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3.8   |   Validation of Prognostic Gene Expression

Bulk expression analysis demonstrated that E2F1, TNFSF15, 
TYRO3, and WT1 were upregulated in PTC samples, whereas 
FHL2, PTX3, SNAI1, and TGFBR3 showed higher expression 
in normal control tissues (Figure 6A). Protein-level expression 
patterns of the prognostic genes were further validated using 
immunohistochemistry data (Figure  6B). RT-qPCR analysis 
of clinical samples largely corroborated the bioinformatic 
findings. Significant expression differences were observed 
for most prognostic genes between PTC and control tissues 
(p < 0.05), with the exception of TNFSF15 and TYRO3, for 
which the differences did not reach statistical significance 
(Figure 6C).

4   |   Discussion

In this study, we performed an integrated bioinformatics anal-
ysis to investigate the prognostic role of EMT-related genes in 
PTC. Initially, differential expression analysis between PTC and 
normal tissues identified 7174 DEGs. Intersection with curated 
EMT-related gene sets yielded 264 candidate genes, which were 
significantly enriched in pathways associated with cancer pro-
gression and EMT. Prognostic screening using univariate Cox re-
gression, followed by machine learning–based feature selection, 
identified an eight-gene signature that was used to construct a 
risk stratification model. This model effectively separated pa-
tients into distinct risk groups, with higher risk scores signifi-
cantly associated with poorer overall survival. Multivariate Cox 
analysis further demonstrated that the risk score, together with 
age and M stage, served as independent prognostic factors, en-
abling the construction of a clinically applicable nomogram for 
survival prediction.

Comprehensive characterization of the risk groups revealed 
marked differences in the tumor immune microenvironment, 
including the infiltration of six immune cell types, stromal/im-
mune scores (ESTIMATE)-derived stromal and immune scores, 
and TIDE scores. Differences in tumor mutational burden and 
somatic mutation landscapes were also observed between the 
two groups. Single-cell RNA sequencing analysis identified fi-
broblasts as key contributors to PTC progression, and pseudo-
time trajectory analysis highlighted dynamic expression of 
three prognostic genes—FHL2, PTX3, and TGFBR3—during fi-
broblast differentiation. RT-qPCR validation using clinical sam-
ples confirmed the expression patterns of most prognostic genes, 
consistent with bioinformatic predictions, although TNFSF15 
and TYRO3 did not reach statistical significance. Protein-level 
evidence from public databases further supported these tran-
scriptomic findings.

Although PTC is generally indolent, a subset of patients develops 
aggressive disease characterized by radioiodine resistance and 
metastatic behavior, phenotypes that are increasingly associated 
with EMT [10]. Conventional prognostic systems, such as TNM 
staging, fail to capture the molecular heterogeneity underlying 
EMT-driven progression, highlighting the need for biomarkers 
that reflect TME dynamics. In this study, we integrated single-
cell RNA sequencing with 101 machine learning algorithm 
combinations to identify eight EMT-related genes (TYRO3, 
E2F1, TNFSF15, TGFBR3, PTX3, FHL2, SNAI1, and WT1) that 
stratify patients into high- and low-risk groups with distinct 
clinical outcomes. These genes are collectively associated with 
key processes in EMT—including transcriptional regulation, 
stromal remodeling, and immune modulation—and may thus 
offer a multifaceted perspective on PTC progression. Among 
these genes, SNAI1 plays a central role as a canonical EMT tran-
scription factor. SNAI1 encodes a zinc finger DNA-binding pro-
tein that promotes EMT by repressing E-cadherin expression, 
thereby facilitating tumor invasion and dissemination. Aberrant 
SNAI1 expression has been implicated in multiple pathological 
conditions, including renal cell carcinoma, triple-negative breast 
cancer, and hepatic fibrosis [54–56]. Consistent with previous re-
ports in PTC [57] and other malignancies such as breast cancer 
[58], our results demonstrated that SNAI1 overexpression was 
significantly associated with lymph node metastasis (HR = 2.1, 
p = 0.008). Notably, emerging evidence indicates that enhanced 
autophagy can inhibit EMT and tumor metastasis by promoting 
degradation of nuclear SNAI1, suggesting a potential therapeutic 
vulnerability [59].

The WT1 gene encodes a transcription factor essential for the 
regulation of cell proliferation, differentiation, and apoptosis. In 
pathological contexts, chromosomal rearrangements may gen-
erate WT1 fusion proteins, leading to loss of tumor-suppressive 
function and acquisition of oncogenic properties [60]. Such al-
terations promote malignant progression through dysregulation 
of downstream targets, including IGF2 and BCL2 [61]. In our 
study, WT1, together with SNAI1, emerged as a novel EMT ac-
tivator in PTC-associated fibroblasts, implicating stromal repro-
gramming and extracellular matrix deposition as key drivers of 
tumor aggressiveness [62, 63].

This stromal interplay is further reinforced by TGFBR3, a trans-
membrane proteoglycan that functions as a co-receptor for 
TGF-β superfamily signaling by facilitating ligand presentation 
to TGFBR1 and TGFBR2. Frequent downregulation of TGFBR3 
across multiple malignancies has been associated with enhanced 
tumor invasion and metastasis [64, 65], supporting its tumor-
suppressive role through inhibition of SMAD-independent path-
ways such as MAPK/ERK signaling [66]. In the present study, 
TGFBR3 was enriched in late-stage fibroblasts, where it may 

FIGURE 5    |    Single-cell RNA sequencing analysis. (A) Annotation of 25 cell clusters into six cell types. (B) Expression levels of prognostic genes in 
different cell types. Larger and redder circles indicate higher expression levels. (C) Risk scores across different cells, with red indicating higher risk 
and blue indicating lower risk. (D) Number/strength of cell communications. Larger circles indicate a greater number/strength of cells; thicker lines 
indicate a higher number/strength of interactions. (E) Diagram of cell communication ligand-receptor pairs. The x-axis represents detailed types and 
directions of cell interactions; the y-axis represents ligand-receptor pairs. A redder color indicates a higher interaction probability. (F) UMAP plot of 
secondary clustering of fibroblasts. (G) Differentiation trajectory of fibroblasts. (H) Expression of prognostic genes in the differentiation trajectory 
of fibroblasts.
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FIGURE 6    |    Expression comparison and validation of prognostic genes in PTC patients and control group. (A) Differential expression of mRNA 
levels of prognostic genes between the PTC group (n = 505) and the control group (n = 59) in the TCGA-THCA dataset. (B) Differential expression of 
protein levels of prognostic genes between the PTC group and the control group in the HPA database. (C) Differential expression of mRNA levels of 
prognostic genes between the PTC group (n = 5) and the control group (n = 5) in clinical samples. * p < 0.05, ** p < 0.01, *** p < 0.001.
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contribute to fibroblast activation and the formation of an im-
munosuppressive stromal niche [67]. Consistent with our find-
ings, TGFBR3-mediated promotion of stromal fibrosis has also 
been reported in oral cancer, where it drives collagen deposition 
and immune exclusion [68].

FHL2 is a multifunctional scaffold protein belonging to the 
LIM domain family. Through its four LIM domains, FHL2 
dynamically interacts with oncogenic and tumor-suppressive 
proteins to regulate transcriptional activity, cytoskeletal re-
modeling, and integrin-mediated signaling [69]. Previous stud-
ies have demonstrated that FHL2 activates the Wnt/β-catenin 
pathway and mediates TGF-β1–induced epithelial–mesenchy-
mal transdifferentiation in renal tubular epithelial cells [70]. 
Notably, FHL2 exhibits context-dependent functional dual-
ity: it suppresses proliferation and invasion in breast cancer 
by inhibiting inhibitor of differentiation protein 3 [71], while 
in hepatocellular carcinoma, FHL2–p53 interactions promote 
apoptosis via upregulation of PARP12 [72]. In our study, FHL2 
expression peaked during early fibroblast differentiation in 
PTC and was associated with enhanced migratory capac-
ity through integrin signaling, paralleling its pro-metastatic 
role in lung adenocarcinoma [73]. Moreover, KEGG pathway 
analysis revealed significant enrichment of the Wnt signaling 
pathway, suggesting a similar contribution of this axis to EMT 
regulation in PTC.

PTX3 is a soluble pattern-recognition receptor that plays a crit-
ical role in innate immunity by binding exogenous ligands, 
activating the complement cascade, and promoting effector 
mechanisms such as phagocytosis [74]. Beyond host defense, 
PTX3 modulates tumor immune surveillance through interac-
tions with extracellular matrix components and regulation of 
macrophage recruitment [75]. In this study, PTX3 expression 
predominated during later stages of fibroblast differentiation 
and was positively correlated with M2 macrophage infiltration 
in PTC, indicating a role in establishing an immunosuppressive 
microenvironment. This observation is consistent with find-
ings in colorectal cancer, where PTX3 facilitates recruitment of 
tumor-associated macrophages (TAMS) and promotes immune 
evasion [76].

The interplay between EMT and immune evasion in PTC is par-
tially mediated by TYRO3 and TNFSF15. TYRO3, a member of 
the TAM family of transmembrane receptor tyrosine kinases, is 
widely expressed, with notable activity in ovarian, neural, and 
immune tissues, where it regulates immune tolerance through 
modulation of dendritic cell maturation and promotes tumor 
progression by driving EMT [77]. In this study, TYRO3 expres-
sion was significantly associated with increased PD-L1 levels 
in high-risk PTC patients (p < 0.001), suggesting its potential 
as a therapeutic target for combination immunotherapy [78]. 
Consistent with this finding, inhibition of TYRO3 has been 
shown to synergize with anti–PD-1 therapy in non–small cell 
lung cancer, resulting in enhanced T-cell infiltration and antitu-
mor immunity [79].

TNFSF15 is a cytokine of the tumor necrosis factor ligand fam-
ily characterized by a conserved TNF homology domain and is 
involved in the regulation of angiogenesis, inflammation, and 
apoptosis through activation of the NF-κB and MAPK pathways. 

Although TNFSF15 suppresses pathological angiogenesis by 
competitively binding VEGFR2 and inhibiting endothelial cell 
proliferation [80], our results suggest that it may paradoxically 
sustain EMT in PTC via NF-κB activation. This functional 
duality may account for its borderline validation significance 
in clinical samples (p = 0.06). Similar context-dependent pro-
tumorigenic effects of TNFSF15 have been reported in renal cell 
carcinoma, where it promotes tumor survival through NF-κB–
mediated cytokine production [81].

Based on these findings, we developed a prognostic risk model 
incorporating eight EMT-related genes. The risk score was cal-
culated using a CoxBoost + SuperPC algorithm, achieving a 
concordance index of 0.877. Patients were stratified into HRG 
and LRG groups according to the median risk score. The model 
demonstrated robust prognostic performance in both the TCGA-
THCA training and validation cohorts, with HRG patients ex-
hibiting significantly poorer overall survival than those in the 
LRG. Integration of the risk score with age and M stage enabled 
construction of a nomogram with improved predictive accuracy.

From a clinical perspective, expression levels of the prognos-
tic genes can be readily assessed by RT-qPCR using routinely 
processed tumor specimens, including postoperative paraffin-
embedded tissues or biopsy samples, with GAPDH as an in-
ternal reference. Combined with patient age and M stage, the 
nomogram allows estimation of 5-year survival probability in 
PTC. Using the optimal cutoff value (−0.0457), patients can be 
stratified into risk categories: HRG patients may benefit from 
intensified postoperative surveillance and consideration of ad-
juvant targeted therapies (e.g., SNAI1 inhibition), whereas LRG 
patients may continue standard follow-up to avoid overtreat-
ment. Nonetheless, multicenter prospective studies are required 
to validate the model and establish population-specific cutoff 
values.

Our risk stratification model revealed pronounced heterogene-
ity in the immune landscape between high risk and low risk 
PTC patients. Six immune cell populations, including memory 
B cells, eosinophils, M0, M1, and M2 macrophages, as well as 
neutrophils, exhibited significantly differential infiltration pat-
terns. Elevated TIDE scores in the high-risk group indicate a 
profoundly immunosuppressive TME, characterized by T-cell 
dysfunction and enrichment of myeloid-derived suppressor cells 
(MDSCs), a pattern consistent with EMT-high lung adenocar-
cinoma [82]. Mechanistically, this immunosuppressive shift is 
supported by M2 macrophage accumulation and concomitant 
M1 depletion, resulting in an IL-10/TGF-β–dominant milieu 
that promotes MDSC expansion. Notably, eosinophils displayed 
paradoxical protumorigenic reprogramming via activation of 
the IL-33/ST2–MMP9 axis.

The strong positive correlation between stromal scores and risk 
scores further implicates fibroblast-driven extracellular matrix 
remodeling mediated by the FHL2, PTX3, and TGFBR3 axis 
as a key determinant of immune suppression. These observa-
tions are supported by single cell trajectory analyses, which re-
vealed dynamic crosstalk between fibroblasts and neutrophils 
mediated through IL 8 and CXCR2 signaling. This interaction 
may act synergistically with MDSCs to promote the establish-
ment of metastatic niches. From a clinical perspective, the dual 
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association of the risk score with stromal activation and T cell 
exhaustion underscores its potential utility as a biomarker for 
combination therapeutic strategies targeting both fibroblast 
populations and myeloid-derived suppressor cells. However, 
the lack of spatial resolution in the current dataset limits defini-
tive localization of MDSCs, highlighting the need for validation 
using multiplex immunohistochemistry or spatial transcrip-
tomic approaches.

Single-cell transcriptomic analysis further delineated the cel-
lular dynamics underlying EMT at unprecedented resolution. 
Among 63,128 analyzed cells, fibroblasts emerged as central 
regulators of stromal–tumor crosstalk, exhibiting distinct dif-
ferentiation trajectories marked by dynamic expression of FHL2 
and TGFBR3. Early-stage fibroblasts (Stage 1) demonstrated el-
evated FHL2 expression, coinciding with migratory activation, 
whereas late-stage fibroblasts (Stage 3) upregulated TGFBR3 
and PTX3, thereby promoting ECM remodeling and M2 macro-
phage recruitment—a mechanism previously described in pan-
creatic ductal adenocarcinoma [83].

Fibroblasts thus orchestrate PTC progression through tempo-
rally and spatially coordinated mechanisms. During tumor 
initiation, FHL2high fibroblasts prime the premalignant 
niche by secreting matrix metalloproteinases and hepatocyte 
growth factor, disrupting basement membrane integrity and 
stimulating thyrocyte proliferation. Concurrent Ephrin–Eph 
signaling between fibroblasts and epithelial cells induces epi-
genetic reprogramming that facilitates malignant transforma-
tion [84]. As tumors advance, fibroblasts adopt a TGFBR3high/
PTX3high immunosuppressive phenotype: LOXL2-mediated 
ECM stiffening activates YAP/TAZ signaling in tumor cells 
to sustain EMT [85], while PTX3 and TGFBR3 promote re-
cruitment of M2 macrophages and neutrophils, respectively, 
thereby reinforcing immune evasion [83]. During metastatic 
dissemination, fibroblasts contribute to the formation of pre-
metastatic niches through exosomal transfer of SNAI1 mRNA 
and systemic secretion of fibronectin and versican, which 
recruit myeloid cells via the MIF–CD74/CXCR4 axis [86]. 
These mechanisms parallel observations in hepatocellular 
carcinoma [87], underscoring a conserved role of stromal fi-
broblasts in driving EMT-associated immune escape across 
malignancies.

The stage specific functions of fibroblasts provide opportu-
nities for precision therapeutic intervention. In early stage 
tumors, inhibition of the FHL2 integrin beta 1 axis may effec-
tively suppress fibroblast mediated migratory priming [88]. In 
contrast, advanced disease is more likely to require combined 
targeting of PTX3 and TGFBR3 together with CCR2 blockade 
to disrupt immune suppressive signaling networks and my-
eloid cell recruitment [89]. In addition, nanoparticle mediated 
delivery of small interfering RNA targeting fibroblast derived 
exosomes represents a promising strategy to impair pre met-
astatic niche formation and long range stromal communica-
tion [90]. Current limitations in spatial resolution highlight 
the need for advanced technologies such as Visium spatial 
transcriptomics to precisely map fibroblast thyrocyte inter-
actions at invasive tumor fronts. Future clinical trials should 
incorporate stratification based on fibroblast activation signa-
tures to validate stage adapted therapeutic strategies, thereby 

positioning fibroblast reprogramming as a central component 
of precision oncology for PTC [91].

The prognostic capacity of the identified gene set was strength-
ened through the integration of one hundred and one machine 
learning algorithm combinations, a strategy specifically de-
signed to mitigate bias associated with single model approaches. 
By cross validating LASSO, XGBoost, and CoxBoost frame-
works, we prioritized genes that demonstrated stable and con-
sistent predictive performance across diverse computational 
paradigms, resulting in superior model accuracy with an area 
under the curve exceeding 0.9 when compared with existing 
prognostic tools. Similar multi algorithm strategies have been 
successfully applied in glioblastoma to derive robust and repro-
ducible prognostic signatures [92]. Furthermore, the nomogram 
incorporating the risk score together with patient age and M 
stage provided enhanced prognostic resolution, particularly for 
patients with intermediate TNM stages who are inadequately 
stratified by conventional staging systems. Notably, individuals 
classified as intermediate TNM stage but assigned to the high 
risk group exhibited a 3.5-fold increase in mortality risk, under-
scoring the clinical relevance of the proposed model.

In summary, this study establishes a novel prognostic frame-
work for PTC through the integration of single cell transcrip-
tomic profiling and machine learning based modeling. Three 
major advances were achieved. First, we systematically iden-
tified eight EMT-related hub genes including TYRO3, E2F1, 
TNFSF15, TGFBR3, PTX3, FHL2, SNAI1, and WT1 that co-
operatively drive tumor progression through transcriptional 
reprogramming, stromal remodeling, and immune modulation. 
Second, incorporation of one hundred and one machine learn-
ing algorithm combinations markedly improved risk stratifica-
tion performance, achieving a five year survival prediction area 
under the curve of 0.91 and outperforming the traditional TNM 
staging system. Most importantly, we delineated fibroblasts as 
central regulators of the PTC microenvironment, providing a 
mechanistic rationale for fibroblast targeted interventions such 
as FHL2 and TGFBR3 inhibition as well as risk adapted immu-
notherapeutic strategies.

Despite the integrative approach, several limitations should be 
considered. First, the findings are primarily based on retrospec-
tive cohorts (e.g., TCGA), which may introduce selection bias. 
Although validation in an independent dataset and partial con-
firmation by RT-qPCR using clinical samples help mitigate this 
concern, further prospective validation is warranted. Second, 
while scRNA-seq delineated cellular heterogeneity, it lacks spa-
tial context. The dynamic crosstalk between tumor cells and 
fibroblasts, particularly at the invasive front, remains to be spa-
tially resolved. Third, due to constraints in time and resources, 
we could not perform functional experiments (e.g., gene per-
turbation) to establish causality or comprehensively validate 
protein-level discrepancies (e.g., TNFSF15/TYRO3).

To address these gaps, future work will include: (1) expanding 
clinical sample sizes for robust validation of the gene signature; 
(2) applying spatial transcriptomics (e.g., Visium) to map EMT 
hotspots and cellular interactions in  situ; (3) employing pro-
teomic profiling to complement transcriptomic findings; and (4) 
establishing in vitro and in vivo models using CRISPR-mediated 
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editing to functionally interrogate key genes (e.g., via dual-
luciferase and Co-IP assays). These steps will strengthen the 
mechanistic foundation and accelerate the translation of our 
findings toward precision strategies for high-risk PTC.

5   |   Conclusion

This study integrates single-cell RNA sequencing with 101 
machine-learning algorithm combinations to identify eight 
EMT–related prognostic genes in PTC and to construct a robust 
risk stratification model. The model effectively separates pa-
tients into distinct survival groups. High-risk patients are char-
acterized by an immunosuppressive tumor microenvironment 
and fibroblast-driven EMT dynamics, which were further val-
idated experimentally. This integrative framework provides ac-
tionable insights for precision-targeted therapies and highlights 
the need for future multicenter validation to support clinical 
translation.
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Supporting Information

Additional supporting information can be found online in the Supporting 
Information section. Figure S1: Workflow of this study. Figure S2: 
Exploration of the biological functions of 264 candidate genes. (A) 
Results of the BP analysis in GO. Gray dots represent genes, yellow dots 
represent different function names, and different colored lines repre-
sent the pathways enriched by the genes. The larger the yellow dot, the 
greater the number of genes enriched in the function. (B) Results of the 
CC analysis in GO. (C) Results of the MF analysis in GO. (D) Results of 
the KEGG enrichment analysis. The x-axis represents the number of 
genes, and the y-axis represents the KEGG pathways. The size of the 
dots indicates the number of genes enriched in the pathway, and the 
redder the color of the dot, the smaller the significance p-value. (E) PPI 
network. Yellow nodes represent candidate genes, and the connecting 
lines represent interaction relationships. Figure S3: (A) Schoenfeld 
residual plot showing the time-dependent effect of candidate genes 
identified by univariate Cox analysis. The y-axis (Beta (t)) reflects the 
change in candidate gene coefficients over time (x-axis), with the x-axis 
representing time. The dashed lines indicate confidence intervals. (B) 
Risk distribution of PTC patients in TCGA-THCA-test, with a median 
risk score of −0.007852. (C) KM curves of the LRG (n = 67) and HRG 
(n = 67) in TCGA-THCA-test. (D) ROC curves of the TCGA-THCA-test 
model for 1, 3, and 5 years. Figure S4: Clinical features, risk scores, and 
survival differences between HRG and LRG in PTC. (A) Proportion of 
PTC patients in different clinical characteristic subgroups within the 
HRG. (B) Proportion of PTC patients in different clinical characteristic 
subgroups within the LRG. (C) Differences in risk scores among differ-
ent clinical subgroups. *p < 0.05, ns (not significant) p > 0.05. (D) KM 
curves of PTC patients in different clinical characteristic subgroups. 
Figure S5: PH assumption test. (A) Results of the PH assumption test 
for univariate Cox regression analysis. (B) Results of the PH assumption 
test for multivariate Cox regression analysis. Figure S6: (A) Volcano 
plot of DE-lncRNAs, DE-miRNAs, DE-circRNAs. (B) The intersection 
of lncRNAs/circRNAs/miRNAs predicted by the miRnet database and 
DE-lncRNAs/DE-circRNAs/DE-miRNAs in the dataset. (C) lncRNAs-
miRNAs-mRNAs network. (D) circRNAs-miRNAs-mRNAs network. 
(E) ROC curves of the top 5 lncRNAs/circRNAs/miRNSAs. Figure S7: 
(A, B) Single-cell datasets before and after quality control. From left to 
right are violin plots of nFeature RNA (number of genes in a single cell), 
nCount RNA (total number of all mRNA molecules detected in a single 
cell), and percent.mt (proportion of mitochondrial gene expression to 
total gene expression in the cell). (C) The top 2000 highly variable genes. 
Red dots represent individual highly variable genes; the x-axis shows 
average expression levels, and the y-axis shows standardized variance. 
(D) Significance of the top 50 PCs. Quantile–quantile (Q–Q) plot of p-
values for PCs from single-cell transcriptomic analysis of PTC. The x-
axis represents empirical p-values, while the y-axis shows theoretical 

p-values under the null hypothesis. Colored points denote individual 
PCs with their corresponding p-values. Deviations from the diagonal 
dashed line indicate PCs harboring significant biological signals, poten-
tially linked to EMT dynamics, stromal remodeling, or immune micro-
environment features in PTC. And scree plot of the standard deviation 
distribution of PCs in PCA. (E) UMAP plot of cell clustering. (F) Bubble 
plot of marker genes for cell annotation. (G) Abundance of each cell type 
in PTC patients. (H) UMAP plot showing the expression of prognostic 
genes in different cell types. Table S1: The 1184 EMT-RGs. Table S2: 
Marker genes used for cell annotation. Table  S3: Information on re-
agents, conditions, and primers used in qPCR experiments. Table S4: 
Complete results of the GO enrichment analysis for the 264 candidate 
genes. Table  S5: Complete results of the KEGG enrichment analysis 
for the 264 candidate genes. Table S6: Complete results of the GSEA 
enrichment analysis for the eight prognostic genes. 
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