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Background: Thyroid cancer is the most common malignancy of the endocrine system. Tumor-associated macrophages (TAMs) play 
a pivotal role in modulating the tumor microenvironment and promoting tumor progression. However, the prognostic implications of 
macrophage heterogeneity in thyroid cancer remain unclear.
Methods: Single-cell RNA-seq analysis was conducted to identify tumor-enriched macrophage subpopulations and hdWGCNA was 
used to define related gene modules. A prognostic model was built using 117 machine learning algorithm combinations and validated 
by Kaplan–Meier analysis. A nomogram combining clinical features and risk scores was established. Genomic alterations, immune 
profiles, and treatment responses were compared between risk groups using TCGA and GDSC2 datasets. In vitro experiments were 
performed to validate the role of SMYD3 in tumor progression and drug sensitivity.
Results: Single-cell analysis identified a tumor-enriched macrophage subset with distinct functional states. hdWGCNA revealed macro
phage-related gene modules linked to poor prognosis, and a machine learning–based model effectively stratified patient risk. High-risk 
patients had worse survival, older age, advanced stage, and lower BRAF mutation frequency but more diverse oncogenic alterations. They 
also showed enhanced T-cell exclusion and altered immune infiltration. Drug prediction analysis indicated greater sensitivity to Rapamycin, 
BDP-00009066, AZD5363_1916, and Cediranib_1922 in the high-risk group. Functional assays confirmed that SMYD3 knockdown 
suppressed proliferation and migration, and reduced sensitivity to AZD5363_1916, highlighting its role in modulating therapeutic response.
Conclusion: This study identifies a tumor-enriched macrophage subpopulation with prognostic relevance and develops a robust 
machine learning–based model for risk stratification in thyroid cancer. SMYD3 is implicated in both tumor progression and drug 
sensitivity, offering a potential biomarker for precision treatment strategies.

Plain Language Summary: Thyroid cancer is the most common type of endocrine system cancer. Although many patients respond 
well to treatment, some experience poor outcomes, and the reasons for this are not fully understood. In this study, researchers aimed to 
improve how we predict the behavior of thyroid cancer and identify treatments that might work best for individual patients. They 
focused on a type of immune cell called macrophages, which are often found in tumors and can either help fight or promote cancer. 
Using advanced genetic analysis, the researchers discovered a special group of macrophages that are enriched in thyroid tumors and 
may contribute to cancer progression. They then built a risk prediction model using gene patterns from these macrophages. One gene, 
SMYD3, stood out as especially important. In lab experiments, reducing SMYD3 in thyroid cancer cells led to slower growth and less 
movement, suggesting that this gene helps cancer cells spread. The researchers also found that SMYD3 may influence how well cancer 
cells respond to certain drugs—particularly AZD5363, a drug that targets cancer cell growth pathways. Patients with high SMYD3 
levels may be more sensitive to this treatment. These findings provide new insights into how the immune system and specific genes 
influence thyroid cancer and suggest that SMYD3 could be a useful marker for guiding treatment in the future. 
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Introduction
Thyroid cancer (TC) is the most prevalent endocrine malignancy, with papillary thyroid carcinoma (PTC) accounting 
for more than 80% of all cases.1–3 Although the majority of PTC patients have an excellent prognosis with 
appropriate treatment, while most patients with papillary thyroid carcinoma have favorable outcomes, a subset 
faces a more challenging clinical course.4–6 These include patients with aggressive histological variants, advanced 
age, or radioiodine-refractory disease. Such individuals are more likely to experience recurrence, distant metastasis, 
or progression to poorly differentiated thyroid carcinoma (PDTC) and anaplastic thyroid carcinoma (ATC).7,8 In 
recent years, the global incidence of thyroid cancer has risen sharply, especially in industrialized countries,1,9 

suggesting a potential contribution of environmental exposures alongside improved detection. Growing evidence 
suggests that environmental exposures may contribute to thyroid dysfunction and carcinogenesis. Cadmium and lead, 
in particular, act as endocrine-disrupting heavy metals that impair thyroid hormone synthesis, induce oxidative 
stress, and interfere with key metabolic and signaling pathways. Mechanistic studies show that cadmium can 
accumulate within the thyroid gland, while lead exposure disrupts hypothalamic–pituitary–thyroid (HPT) axis 
activity, collectively promoting hormonal imbalance and thyroid vulnerability.10 Population-based findings further 
reveal significant associations between elevated cadmium or lead levels and dysregulated thyroid hormone profiles, 
suggesting that these metals may serve as emerging environmental risk modifiers in thyroid cancer development.11 

While conventional staging systems and histopathological features are useful, they often fail to reflect the molecular 
complexity and immunological diversity that influence clinical outcomes.

The tumor microenvironment (TME) plays a pivotal role in shaping thyroid cancer behavior, with immune cells—particularly 
macrophages—emerging as key modulators of tumor progression.12–15 Tumor-associated macrophages (TAMs) have been 
implicated in promoting tumor proliferation, angiogenesis, and immune evasion via cytokine secretion, extracellular matrix 
remodeling, and suppression of T cell activity.16,17 Several studies have reported an enrichment of M2-like macrophages in 
thyroid cancer, correlating with poor prognosis and aggressive clinical features.18,19 However, most of these findings are derived 
from bulk RNA-seq or limited immunohistochemistry, which obscure the cellular heterogeneity and fail to resolve distinct 
macrophage subpopulations with potentially divergent functions.

Advances in single-cell RNA sequencing (scRNA-seq) have revolutionized our capacity to deconstruct complex 
tissues at single-cell resolution. This technique enables precise identification of immune cell subsets, revealing 
transcriptional heterogeneity that was previously inaccessible.20,21 In thyroid cancer, scRNA-seq presents 
a powerful opportunity to delineate the landscape of tumor-infiltrating immune cells, including TAMs. Yet, 
a comprehensive, cell-type-resolved characterization of macrophage subsets and their functional states in thyroid 
cancer remains lacking. Moreover, it is still unclear whether specific TAM subpopulations are associated with patient 
prognosis or therapeutic response, underscoring the need for integrated single-cell and systems-level analyses to 
uncover novel biomarkers and actionable targets.

To address these gaps, we performed an integrative study leveraging scRNA-seq data from GEO and bulk RNA- 
seq data from The Cancer Genome Atlas (TCGA). We first characterized the immune cell landscape of thyroid 
cancer and identified a distinct tumor-enriched macrophage subpopulation. Using high-dimensional weighted gene 
co-expression network analysis (hdWGCNA), we uncovered gene modules specific to this macrophage cluster. These 
module genes were then incorporated into a robust prognostic model constructed using a comprehensive panel of 
117 machine learning algorithms. Finally, we investigated the clinical, mutational, and immunological features 
associated with our risk model and predicted drug sensitivities in high-risk patients. Among the core risk- 
associated genes identified, SMYD3 was further validated in vitro for its role in thyroid cancer proliferation and 
drug response.

Materials and Methods
Single-Cell RNA Sequencing Data Processing
We obtained scRNA-seq data from the Gene Expression Omnibus (GEO) database (GSE184362),13 comprising thyroid 
tumor and adjacent normal tissue samples. Six tumors and six adjacent samples were selected for analysis. Batch effects 
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among the 12 samples were corrected using canonical correlation analysis (CCA) followed by mutual nearest neighbor 
(MNN) matching via the IntegrateData function in the Seurat (v5.1.0) package22 in R (version 4.3.0). Data preprocessing 
—including quality control, normalization and clustering—was performed using the Seurat. Cell type annotation was 
conducted by identifying top 30 marker genes for each cluster using the FindAllMarkers function, followed by cross- 
validation in the ACT database. Intercellular communication was inferred using CellChat (v1.6.1), and pseudotime 
analysis was performed using Monocle (v2.28.0).23

Identification of Macrophage-Associated Modules via hdWGCNA
To identify gene co-expression modules associated with tumor-specific macrophages, macrophage populations were 
extracted and subclustered using Seurat. A tumor-enriched macrophage subset was identified for downstream analysis. 
High-dimensional weighted gene co-expression network analysis (hdWGCNA, v0.4.4)24 was applied, with soft- 
thresholding power determined via TestSoftPowers, followed by network construction using ConstructNetwork and 
module correlation assessment via ModuleCorrelogram. To evaluate module activity at the single-cell level, enrichment 
scores of module genes were calculated using the UCell algorithm (v2.2.0)25 based on ranked expression profiles.

Construction of a Prognostic Model Using 117 Machine Learning Algorithms
Transcriptomic and clinical data for 513 thyroid cancer patients were downloaded from TCGA. The samples were randomly 
split into training (70%) and validation (30%) sets. Prognostic models were developed using 117 algorithmic combinations 
provided in the Mime1 (v0.0.0.9000)26 R package. Risk scores were calculated, and Kaplan–Meier survival curves were 
plotted for both cohorts. The model showing the highest concordance index (C-index) was selected for further analysis.

Gene Set Enrichment and Functional Annotation
Differentially expressed genes (DEGs) between high- and low-risk groups were identified using DESeq2 (v1.42.1),27 

with cutoffs set at p < 0.05 and |log2FC| > 1. Gene Set Enrichment Analysis (GSEA) was performed using clusterProfiler 
(v4.10.1),28 with functional enrichment conducted across Gene Ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) pathways.

Nomogram Construction and Evaluation
Univariate and multivariate Cox proportional hazard analyses were conducted to identify independent prognostic factors 
among age, tumor stage, and risk score. A nomogram was constructed using the rms package (v6.7.1), with calibration curves 
and time-dependent receiver operating characteristic (ROC) curves generated via the survivalROC package (v1.0.3.1).29

Somatic Mutation Analysis
Somatic mutation data for thyroid cancer patients were obtained from TCGA using the TCGAbiolinks package. Mutation 
profiling and visualization were carried out using the maftools package. Mutational differences between high- and low- 
risk groups were visualized via waterfall plots.

Immunotherapy and Chemotherapy Response Prediction
TIDE scores were calculated to predict immunotherapy response based on immune dysfunction and T-cell exclusion 
indicators. Correlation analyses were performed to evaluate associations with the model-derived risk score. 
Chemotherapeutic sensitivity was predicted using the oncoPredict package, with IC50 values inferred based on gene 
expression data and the GDSC2 database (805 cell lines, 198 compounds).

Cell Culture
The human papillary thyroid carcinoma cell line TPC-1 was purchased from STEM RECELL Biotechnology Co., Ltd. 
(Shanghai, China). Cells were cultured in RPMI-1640 medium (Gibco, cat# C11875500BT) supplemented with 10% 
fetal bovine serum (Oumarsi, cat# OMD-72502) and 1% penicillin-streptomycin (Gibco, cat# 15140122). All cells were 
maintained at 37°C in a humidified incubator with 5% CO2 and passaged every 2–3 days.
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siRNA Transfection
Small interfering RNAs (siRNAs) targeting SMYD3 and a non-targeting control siRNA (si-NC) were synthesized by 
GenePharma (Shanghai, China). The siRNA sequences were as follows: #1 si-SMYD3 Sense: 5’- 
UCUCCUACUACGAGCUGAATT-3’, Antisense: 5’-UUCAGCUCGUAGUAGGAGATT-3’; #2 si-SMYD3 Sense: 5’- 
UGCAACCUGAAGAUCUUCATT-3’,Antisense: 5’- UGAAGAUCUUCAGGUUGCATT-3’; #3 si-SMYD3 Sense: 
GAUCUUCAACAACCAGGAATT, Antisense: 5’- UUCCUGGUUGUUGAAGAUCTT-3’; siNC: Sense: 5’- 
UUCUCCGAACGUGUCACG UTT-3’, Antisense:5’-ACGUGACACGUUCGGAGAATT-3’. Cells were seeded in 12- 
well plates or 96-well plates and transfected at approximately 60–70% confluence using Lipofectamine™ 3000 reagent 
(Invitrogen, Cat# L3000015) according to the manufacturer’s protocol. A final concentration of 50 nM siRNA was used 
per well. After 48 hours of transfection, cells were harvested for downstream assays including qPCR, Western blot, 
proliferation assays, and drug response analyses.

Quantitative Real-Time PCR (qPCR)
Total RNA was extracted using TRIzol reagent (Invitrogen, Cat# 15596026), and cDNA was synthesized using the 
PrimeScript™ RT reagent Kit (Takara, Cat# RR047A). qPCR was performed using SYBR® Premix Ex Taq™ II (Takara, 
Cat# RR820A) on a LightCycler® 480 System (Roche). Relative gene expression was calculated using the 2−ΔΔCt 

method, normalized to GAPDH.

Western Blotting
Total protein was extracted using RIPA lysis buffer (Beyotime, Cat# P0013B), and concentrations were determined using 
a BCA Protein Assay Kit (Thermo Fisher, Cat# 23227). Samples were separated by SDS-PAGE, transferred to PVDF 
membranes (Millipore, Cat# IPVH00010), and blocked with 5% BSA. Membranes were incubated with primary 
antibodies (anti-SMYD3 [1:3000, Cat# 12011-1-AP, Proteintech], anti-CDH1 [1:10000, Cat# 20874-1-AP, 
Proteintech], anti-CDH2 [1:5000, Cat# 22018-1-AP, Proteintech], and anti-GAPDH [1:5000, Cat# 60004-1-Ig, 
Proteintech]), followed by HRP-conjugated secondary antibodies. Protein bands were visualized using enhanced chemi
luminescence (ECL) reagent (Thermo Fisher, Cat# 32106).

CCK-8 Cell Viability Assay
Cell viability was assessed using the Cell Counting Kit-8 (Beyotime, Cat# C0048S). Cells were seeded in 96-well plates 
and treated with the indicated drugs or siRNAs. After 48 h, 10 μL of CCK-8 reagent was added to each well and 
incubated for 2 h. Absorbance at 450 nm was measured using a microplate reader (Bio-Rad).

Wound Healing Assay
Cells were seeded into 6-well plates and grown to near confluence. A linear scratch was created using a sterile 200 μL 
pipette tip. After washing with PBS, cells were incubated in serum-free medium, and wound closure was imaged at 
0 h and 24 h using a phase-contrast microscope (Olympus).

EdU Incorporation Assay
Cell proliferation was evaluated using the EdU Apollo567 In Vitro Imaging Kit (RiboBio, Cat# C10310-1). Cells were incubated 
with 50 μM EdU for 2 h, fixed with 4% paraformaldehyde, permeabilized with 0.5% Triton X-100, and stained with Apollo and 
DAPI according to the manufacturer’s instructions. Images were acquired using a fluorescence microscope (Olympus).

Drug Sensitivity and IC50 Determination
Cells transfected with si-SMYD3 or si-NC were treated with serial dilutions of Rapamycin (Selleck, Cat# S1039), BDP- 
00009066 (Aladdin, Cat# B651933), AZD5363_1916 (Selleck, Cat# S8019), or Cediranib_1922 (Aladdin, Cat# 
C125911). After 48 h, cell viability was assessed using CCK-8. Dose-response curves and IC50 values were generated 
using GraphPad Prism 10 with nonlinear regression analysis.
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Statistical Analysis
All statistical analyses were conducted in R (v4.3.0). Continuous variables were compared using two-tailed Student’s 
t-tests, and correlation analyses were performed using Spearman’s rank correlation. For CCK-8, EdU, and Western blot 
assays, all experiments were performed with three independent biological replicates (n = 3), and quantitative data are 
presented as mean ± SD. Statistical significance was determined using a two-tailed Student’s t-test for two-group 
comparisons or one-way ANOVA for multiple groups. A p-value < 0.05 was considered statistically significant.

Results
Single-Cell Transcriptomic Profiling Identifies Macrophages as Key Regulators in 
Thyroid Cancer
Single-cell RNA sequencing enables high-resolution analysis of cellular heterogeneity and dynamics within complex 
tissues. To dissect the cellular landscape of thyroid cancer and uncover key cell populations involved in tumorigenesis, 
we analyzed the GSE184362 dataset from the GEO database. After stringent quality control and identification of the top 
2,000 highly variable genes (Figure S1a–d), unsupervised clustering and marker-based annotation revealed ten distinct 
cell types, including fibroblasts, CD4 T cells, B cells, CD8 T cells, thyroid follicular cells, NK cells, macrophages, 
endothelial cells, monocytes, and dendritic cells (Figure 1a and Figure S2). Quantitative analysis of cell proportions 
across samples showed that macrophages were significantly enriched in tumor tissues compared to adjacent normal 
tissues (Figure 1b and Figure S1e), implicating them as potential drivers of thyroid cancer development.

To further characterize the role of macrophages, we performed intercellular communication analysis using CellChat 
and pseudotime trajectory analysis with Monocle. The tumor microenvironment displayed globally enhanced cell–cell 
interactions, particularly among immune cell subsets (Figure 1c). Specifically, macrophage–T cell communication was 
notably intensified in tumor tissues (Figure 1d). Additionally, pseudotime analysis revealed that macrophages in tumor 
and adjacent tissues followed distinct differentiation trajectories, suggesting divergent functional states (Figure 1e). 
These results collectively demonstrate that macrophages are not only enriched but also functionally and phenotypically 
distinct in the tumor microenvironment, highlighting their potential role as key modulators in thyroid cancer progression.

Identification of Thyroid Cancer-Associated Macrophage Subcluster and Module 
Genes via hdWGCNA
To further dissect macrophage heterogeneity in thyroid cancer, we isolated macrophage populations from single-cell data 
and conducted subclustering analysis, which identified 15 distinct macrophage subclusters (Figure 2a). The proportion of 
each subcluster was calculated across tumor and adjacent samples. One specific subcluster demonstrated a significantly 
higher abundance in tumor tissues, suggesting its tumor relevance (Figure 2b). This subpopulation was designated as the 
thyroid cancer-associated macrophage (THCA-related Macro) and was selected for downstream module analysis.

To investigate the transcriptional programs underpinning this subcluster, we applied high-dimensional weighted gene 
co-expression network analysis (hdWGCNA). Using the TestSoftPowers function, a soft-thresholding power of 10 was 
determined to achieve scale-free topology (Figure 2c), allowing the construction of a co-expression network that yielded 
six distinct gene modules (Figure 2d). Module–module correlation analysis showed strong positive relationships among 
the green, turquoise, and blue modules (Figure 2e). UCell-based scoring of module-specific top genes revealed similar 
expression profiles among the green, turquoise, blue, and yellow modules, whereas the red and brown modules exhibited 
unique, inverse expression trends (Figure 2f). Visualization of the top hub genes in each module further confirmed dense 
intra-modular connectivity, indicating coordinated transcriptional regulation within these gene networks (Figure S3). 
Notably, analysis of marker gene distribution within modules indicated that the brown module was most enriched for 
marker genes of the THCA-related Macro population (Figure 2g), supporting its identity as the core transcriptional 
program associated with tumor-specific macrophages.
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Construction of a Prognostic Model Using 117 Machine Learning Algorithms
Based on the previously identified key genes from the tumor-associated macrophage module, we constructed a prognostic 
model for thyroid cancer using data from TCGA. The dataset included complete survival information for 513 tumor 
samples. We applied 117 machine learning algorithm combinations to build and evaluate survival prediction models 
(Figure 3a). Among them, the combination of StepCox[both] and Random Survival Forest (RSF) demonstrated the best 
performance, with a concordance index (C-index) of 0.98 in the training cohort and 0.85 in the validation cohort.

To further assess the prognostic value of the model, we stratified patients into high- and low-risk groups based on the 
calculated risk scores and plotted Kaplan–Meier (KM) survival curves for both training and validation cohorts (Figure 3b and c). 

Figure 1 Single-cell analysis reveals immune cell landscape and macrophage dynamics in thyroid cancer (a) tSNE plot showing cell-type annotation across all samples. 
Left panel indicates sample groups (tumor vs adjacent), and right panel displays cell identities. (b) Boxplot illustrating the proportion of each cell type across samples. 
ns = no significance, **p<0.01. (c) Global cell–cell communication networks inferred by CellChat in adjacent (left) and tumor (right) tissues. Node size represents the 
number of cells; edge thickness indicates communication strength. (d) Macrophage-centered communication networks showing enhanced interactions with T cells in 
tumor tissues. (e) Pseudotime trajectory analysis of macrophages.
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The results showed that the model effectively distinguished between patients with favorable and poor prognoses. Notably, in the 
low-risk group of the training cohort, no death events were observed, highlighting the robustness of the model’s predictive power.

Clinical Correlation and Functional Pathway Analysis of the Risk Score
To evaluate the clinical relevance of the prognostic model, we examined the distribution of risk scores across different 
clinical subgroups. As shown in boxplots, patients with advanced-stage thyroid cancer (Stage III & IV) exhibited 
significantly higher risk scores compared to those in early stages (Stage I & II), and individuals aged over 60 had higher 
risk scores than younger patients (Figure 4a and b). These findings indicate that the risk score generated by our model is 
consistent with established clinical prognostic factors. The GeneMANIA network (Figure 4c) depicts the interactions 
among genes included in the thyroid cancer risk model, highlighting three hub genes that occupy central positions with 
strong functional connectivity and potential regulatory roles in tumor pathogenesis. Consistently, SMYD3, DNAJB1, and 
HSPA6 were significantly upregulated in thyroid cancer tissues compared with normal controls (Figure 4d). Additionally, 

Figure 2 Identification of thyroid cancer-associated macrophage subcluster and co-expression modules (a) UMAP plot showing 15 macrophage subclusters across 
all samples. (b) Stacked bar plot displaying subcluster proportions in tumor and adjacent tissues; THCA-related macrophage subcluster is enriched in tumor 
samples. (c) Scale-free topology model fit and connectivity analysis identifying soft-threshold power of 10. (d) Dendrogram and module assignment of co- 
expressed genes using hdWGCNA. (e) Module correlation heatmap indicating positive relationships among green, turquoise, and blue modules. (f) UCell scoring 
plot showing expression activity of top module genes across macrophage subclusters. (g) Chord diagram showing distribution of THCA-related macrophage 
marker genes across modules, with the brown module enriched most prominently.
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differential expression analysis between high- and low-risk groups identified 177 genes, with 164 upregulated and 13 
downregulated in the high-risk group (Figure 4e and Figure S4). GSEA results based on GO and KEGG databases 
showed that the high-risk group was significantly enriched in focal adhesion and ECM–receptor interaction pathways 
(Figure 4f), suggesting that elevated extracellular matrix remodeling and cell adhesion signaling may underlie the poor 
prognosis observed in this group.

Figure 3 Construction and validation of a prognostic model using 117 machine learning algorithms (a) Heatmap of C-index values for all algorithm combinations across the 
training and validation cohorts. The StepCox[both] + RSF model achieved the highest performance (training: C-index = 0.98; validation: C-index = 0.85). (b) Kaplan–Meier 
survival curve for the training cohort stratified by risk score. Patients in the low-risk group exhibited significantly better survival outcomes. (c) Kaplan–Meier survival curve 
for the validation cohort, confirming the model’s predictive power in an independent dataset.
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Nomogram Construction and Evaluation of Independent Prognostic Factors
Given the robustness of our risk model in stratifying thyroid cancer prognosis, we next assessed its potential for clinical 
application by integrating other key clinical variables. We first conducted univariate and multivariate Cox regression 
analyses to evaluate whether age, tumor stage, and the model-derived risk score serve as independent prognostic factors. 
Univariate analysis revealed that all three variables were significantly associated with patient survival (Figure 5a). 
However, in multivariate analysis, only age and risk score remained statistically significant, indicating their independent 
prognostic value (Figure 5a). Based on these findings, we constructed a nomogram combining age and risk score to 
predict 1-, 2-, and 3-year survival probabilities (Figure 5b). The calibration curves indicated good concordance between 
predicted and observed outcomes (Figure 5c), and decision curve analysis demonstrated the added net benefit of the 
nomogram model across clinical thresholds (Figure 5d). Additionally, ROC curve analysis yielded high AUC values 
across all time points, confirming the nomogram’s high accuracy and discriminative power (Figure 5e). These results 
support the clinical utility of the combined model for individualized prognosis assessment in thyroid cancer patients.

Somatic Mutation Profiling Reveals Divergent Genomic Landscapes Between Risk 
Groups
To explore the mutational characteristics associated with different prognostic groups, we downloaded somatic mutation 
data for thyroid cancer patients from the TCGA database using the TCGAbiolinks package. Subsequent analysis using 
the “maftools” package revealed notable differences in mutational landscapes between low- and high-risk groups 
(Figure 6a and b). Interestingly, the BRAF gene, a well-established driver in thyroid cancer, was mutated in 65% of low- 
risk patients but only in 57% of those in the high-risk group, suggesting that classical BRAF-driven pathways may be 
less dominant in more aggressive tumors. In contrast, other genes such as TTN, NRAS, HRAS, and TG showed slightly 

Figure 4 Clinical correlation and functional enrichment analysis based on the risk score (a) Boxplot of risk scores across clinical stages. ***p<0.001. (b) Boxplot of risk 
scores stratified by age. **p<0.01. (c) Gene–gene interaction network generated by GeneMANIA. (d) Boxplot showing differential expression levels of SMYD3, DNAJB1, 
and HSPA6 between normal and thyroid cancer tissues in the TCGA-THCA cohort. **p<0.01, ****p<0.0001. (e) Volcano plot illustrating differentially expressed genes 
between high- and low-risk groups. (f) Gene Set Enrichment Analysis showing that high-risk patients are significantly enriched in immune-related pathways.
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elevated mutation frequencies in the high-risk group. Moreover, the proportion of patients harboring at least one somatic 
alteration was higher in the high-risk cohort (79.3%) than in the low-risk cohort (72.5%). These findings suggest that the 
high-risk group may possess a more complex mutational profile, potentially involving alternative oncogenic pathways 
that contribute to poorer prognosis and resistance to conventional treatment strategies.

Prediction of Immunotherapy Response and Chemotherapeutic Sensitivity in 
High-Risk Patients
To explore potential treatment strategies for high-risk thyroid cancer patients, we assessed their predicted responsiveness 
to immunotherapy and chemotherapy. First, immunotherapy sensitivity was evaluated using the Tumor Immune 
Dysfunction and Exclusion (TIDE) algorithm. Although most immune-related indicators showed no significant trends, 
high-risk patients demonstrated elevated T-cell exclusion scores, suggesting possible immune evasion via impaired T-cell 
infiltration (Figure 7a). Correlation analysis between the risk score and immune sensitivity metrics further confirmed this 
association (Figure 7b and Figure S5). Additionally, immune cell infiltration analysis revealed significant differences in 
B cell and CD4+ T cell infiltration between the two risk groups (Figure S6a and b), along with substantial variation in 
immune and stromal scores across groups (Figure S6c), reinforcing the hypothesis of distinct immune 
microenvironments.

Next, we predicted chemotherapeutic response using the “oncoPredict” R package, leveraging version 2 of the 
Genomics of Drug Sensitivity in Cancer (GDSC) database. A predictive model was built using gene expression data from 
805 cancer cell lines across 198 drugs and 17,419 genes. IC50 values for each drug were estimated in individual patient 
samples, and correlation analysis identified four candidate agents—Rapamycin, BDP-00009066, AZD5363_1916, and 

Figure 5 Nomogram construction and validation of independent prognostic factors (a) Univariate (top) and multivariate (bottom) Cox regression analyses for risk score, age, and 
tumor stage. (b) Nomogram incorporating age and risk score to predict 1-, 2-, and 3-year survival probabilities. (c) Calibration curves showing strong agreement between predicted 
and observed survival at 1, 2, and 3 years. (d) DCA for 3-year survival indicating net clinical benefit of the nomogram over individual predictors. (e) Time-dependent ROC curves for 
1-, 2-, and 3-year survival prediction.

https://doi.org/10.2147/ITT.S565624                                                                                                                                                                                                                                                                                                                                                                                                                                                                    ImmunoTargets and Therapy 2026:15 10

Xu et al                                                                                                                                                                              

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/article/supplementary_file/565624/565624%20Supplementary%20Material_1.docx
https://www.dovepress.com/article/supplementary_file/565624/565624%20Supplementary%20Material_1.docx
https://www.dovepress.com/article/supplementary_file/565624/565624%20Supplementary%20Material_1.docx
https://www.dovepress.com/article/supplementary_file/565624/565624%20Supplementary%20Material_1.docx


Figure 6 Somatic mutation landscape in low- and high-risk thyroid cancer groups (a) Waterfall plot of somatic mutations in the low-risk group. Alterations were detected in 
124 of 171 samples (72.51%). The x-axis represents individual samples; the left y-axis shows the top mutated genes; and the right y-axis indicates the mutation frequency of 
each gene across the cohort. (b) Waterfall plot of somatic mutations in the high-risk group. Alterations were detected in 138 of 174 samples (79.31%). The plot structure is 
consistent with (a).
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Cediranib_1922—that exhibited significantly increased predicted sensitivity in high-risk patients (correlation ≥ 0.2, p < 
0.05; Figure 7c–f). When the selection threshold was relaxed (correlation ≥ 0.15, p < 0.05), 29 potentially effective 
compounds were identified (Figure S7), offering a broader therapeutic landscape for personalized treatment of high-risk 
thyroid cancer patients.

Figure 7 Prediction of immunotherapy response and chemotherapeutic sensitivity based on risk score (a) Bar plot showing predicted T-cell exclusion scores from the TIDE 
algorithm, indicating elevated immune evasion in the high-risk group. (b) Scatter plot showing a significant positive correlation between risk score and T-cell exclusion. (c–f) 
Scatter plots demonstrating predicted drug sensitivity (IC50) correlated with risk score for four compounds: Rapamycin, BDP-00009066, AZD5363_1916, and 
Cediranib_1922. All drugs showed higher predicted sensitivity in high-risk patients (R ≥ 0.2, p < 0.05).
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SMYD3 Knockdown Suppresses Proliferation and Migration of Thyroid Cancer Cells
Given that SMYD3 was identified as one of the most central risk genes (Figure 4c), and showed both elevated expression 
in high-risk thyroid cancer patients and strong association with poor prognosis (Figure S8), We next evaluated the impact 
of SMYD3 on thyroid cancer cell proliferation and migration, we first designed three siRNAs targeting SMYD3 and 
identified #1 siRNA as the most effective candidate (Figure 8a). Western blot analysis confirmed a significant reduction 
in SMYD3 protein expression in the si-SMYD3 group compared to the si-scramble control (Figure 8b). CCK-8 assays 
revealed that SMYD3 knockdown led to a significant decrease in cell viability at early time points (6 h and 12 h), 
although the difference was not sustained beyond 24 h (Figure 8c). In line with this observation, wound healing assays 
showed a marked reduction in cell migratory capacity upon SMYD3 silencing (Figure 8d). Colony formation assays 
further indicated that SMYD3 knockdown significantly impaired the clonogenic potential of thyroid cancer cells 
(Figure 8e). Consistently, EdU incorporation assays demonstrated a clear reduction in proliferating cells following 
SMYD3 knockdown (Figure 8f), supporting its role in promoting tumor cell proliferation. At the molecular level, 
qPCR analysis revealed that SMYD3 knockdown significantly upregulated the epithelial marker CDH1 and 

Figure 8 SMYD3 knockdown suppresses thyroid cancer cell proliferation and migration (a) qPCR results confirming efficient knockdown of SMYD3 expression in thyroid 
cancer cells using siRNA. n = 4, ns = no significance, **p<0.01. (b) Western blot of SMYD3 protein following siRNA transfection. (c) CCK-8 assay showing reduced cell viability 
upon SMYD3 knockdown. n = 6, ns = no significance, *p<0.05. (d) Wound healing assay demonstrating impaired migratory capacity in SMYD3-silenced cells. (e) Colony 
formation assay indicating decreased clonogenic potential after SMYD3 knockdown. (f) EdU incorporation assay confirming diminished cell proliferation in the si-SMYD3 group. 
(g) qPCR results of EMT markers. n = 3, ns = no significance, *p<0.05, **p<0.01, ***p<0.001. (h) Western blot of CDH1 and CDH2 protein levels. Scale bar: 50μm.
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downregulated the mesenchymal markers CDH2 and TJP1 (Figure 8g). Western blot assays showed increased expression 
of E-cadherin and decreased expression of N-cadherin, further supporting the inhibition of epithelial–mesenchymal 
transition (EMT) upon SMYD3 suppression (Figure 8h). These findings collectively suggest that SMYD3 promotes 
thyroid cancer cell proliferation and migration, potentially by modulating EMT-related pathways.

SMYD3 Knockdown Reduces Sensitivity to Predicted Therapeutic Compounds in 
Thyroid Cancer Cells
To investigate whether SMYD3 contributes to the heightened drug sensitivity observed in the high-risk group identified 
by our prognostic model, we performed IC50 assays following SMYD3 knockdown. Based on the drug sensitivity 
prediction results from Figure 7, four candidate compounds—Rapamycin, BDP-00009066, AZD5363_1916, and 
Cediranib_1922—were selected for validation. As shown in Figure 9, knockdown of SMYD3 led to a significant 
increase in the IC50 value of AZD5363_1916 compared to control cells, indicating reduced sensitivity to this compound 
upon SMYD3 silencing. In contrast, the IC50 values of Rapamycin, BDP-00009066, and Cediranib_1922 showed no 
significant changes between the si-SMYD3 and si-NC groups. These results suggest that SMYD3 expression may 
selectively modulate the therapeutic efficacy of AZD5363_1916, potentially enhancing its cytotoxic effect in SMYD3- 
high thyroid cancer cells. This finding may partially explain the increased predicted sensitivity to AZD5363_1916 
observed in high-risk patients characterized by elevated SMYD3 expression. Collectively, these results highlight the 
potential mechanistic link between SMYD3 and drug response in thyroid cancer, further reinforcing the clinical relevance 
of SMYD3 as both a prognostic and therapeutic marker.

Discussion
Thyroid cancer is a heterogeneous endocrine malignancy whose pathogenesis remains incompletely understood. 
Increasing evidence suggests that immune cells, particularly macrophages, are not merely bystanders in the TME, but 
active participants in promoting tumor growth, progression, and immune escape.12,18 Understanding how tumor- 
associated macrophages contribute to thyroid cancer progression has become increasingly important for improving 
prognostic assessment and guiding therapy. In this study, using high-resolution single-cell transcriptomic profiling, we 
identified macrophages as a highly enriched immune population within thyroid cancer tissues compared to adjacent 
normal samples. Through subcluster analysis, we further defined a distinct tumor-associated macrophage (THCA-related 
Macro) subpopulation that appeared to be uniquely involved in the tumor context, and subsequently integrated its 
transcriptional features into a survival prediction model using 117 machine learning algorithms. This integrative 

Figure 9 SMYD3 knockdown reduces sensitivity to high-risk-associated compounds in thyroid cancer cells (a–d) Bar plots showing IC50 values for Rapamycin, BDP-00009066, 
AZD5363_1916, and Cediranib_1922 in thyroid cancer cells with or without SMYD3 knockdown. n = 3. ns = no significance, *p<0.05.
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framework enabled robust risk stratification of thyroid cancer patients, and provided a foundation for identifying 
SMYD3, DNAJB1, and HSPA6 as key risk-associated genes, among which SMYD3 was further functionally validated 
for its role in regulating tumor cell behavior and drug response.

Thyroid tumor progression is frequently accompanied by a phenotypic shift of macrophages toward a pro-tumoral M2-like 
state, consistent with prior studies demonstrating that human monocytes exposed to aged thyrocytes or tumor-conditioned 
medium acquire M2 characteristics and tumor-promoting functions.30 Thyroid cancer cells enhance lipid biosynthesis and 
cytokine secretion in macrophages to support tumor growth,31 and that macrophages undergo an M1-to-M2 transition during 
tumor evolution based on single-cell transcriptomic evidence.32 In our analysis, further examination of the brown module 
using canonical M1/M2 and TAM-related markers revealed that this module contains genes such as TGFB1 and ARG1, which 
are characteristic of M2-leaning or immunoregulatory macrophage states, whereas classical M1 markers including CXCL9 
and CCR7 were not enriched. Moreover, the brown module showed strong co-expression with epithelial signaling and ECM- 
remodeling pathways, a transcriptional pattern frequently associated with immunosuppressive tumor-associated macrophages 
that facilitate matrix remodeling, invasion, and immune escape in solid tumors.33,34 Collectively, these features indicate that 
the brown module is more consistent with an M2-like, immunoregulatory TAM phenotype, supporting the presence of 
a tumor-enriched macrophage subset that may actively contribute to thyroid cancer progression.

Among the intersecting genes from the macrophage-related module and machine learning-based feature selection, three hub 
genes—SMYD3, DNAJB1, and HSPA6—were identified as core components of the prognostic model, then we conducted 
functional experiments focusing on SMYD3, the most prominently upregulated gene in high-risk patients. Knockdown of 
SMYD3 in TPC-1 thyroid cancer cells led to a significant reduction in cell proliferation, colony formation, and migratory ability, 
consistent with its proposed oncogenic role. SMYD3 knockdown led to increased expression of the epithelial marker E-cadherin 
and decreased expression of mesenchymal markers N-cadherin and TJP1, suggesting a reversal of EMT. These findings are 
consistent with previous studies implicating SMYD3 as an epigenetic regulator that promotes tumor progression by methylating 
histone H3 lysine 4 (H3K4me3), thereby activating oncogenic transcriptional programs.35 In other cancer types, such as 
hepatocellular carcinoma and medulloblastoma, SMYD3 has been shown to upregulate proliferation-associated genes including 
cyclin D1 and c-Myc.36,37 Although we did not investigate the direct transcriptional targets of SMYD3 in thyroid cancer, the 
observed EMT modulation suggests that SMYD3 may influence tumor aggressiveness by regulating gene networks involved in 
cell adhesion, cytoskeletal remodeling, and motility. Future chromatin immunoprecipitation (ChIP) studies are warranted to 
delineate the genome-wide binding profile of SMYD3 in thyroid cancer cells.

In addition to mechanistic insights, our study provides important translational implications. High-risk patients 
exhibited distinct immune characteristics, including elevated T-cell exclusion scores and altered immune cell infiltration, 
which may contribute to reduced responsiveness to immunotherapy. Drug sensitivity prediction further identified several 
compounds—such as Rapamycin and AZD5363_1916—that may offer increased therapeutic benefit in this subgroup. 
Notably, functional assays demonstrated that SMYD3 knockdown markedly decreased the sensitivity of thyroid cancer 
cells to AZD5363_1916, implying that SMYD3 may influence the therapeutic efficacy of AKT inhibitors. A plausible 
explanation, supported by prior studies, is that SMYD3—previously characterized as a histone methyltransferase—can 
transcriptionally activate components of the PI3K/AKT pathway, including AKT1 and downstream effectors such as 
CCND1,38,39 thereby enhancing cellular dependence on this signaling axis. Loss of SMYD3 may attenuate this pathway 
activity, diminish drug dependency, and lead to higher IC50 values. From a clinical perspective, SMYD3-related 
macrophage signatures identified in our study hold potential for practical application. The SMYD3-based risk score 
may refine patient stratification at diagnosis, particularly for individuals with intermediate clinical features. Moreover, 
given its strong association with TAM infiltration and macrophage-driven immunosuppressive remodeling of the tumor 
microenvironment, SMYD3 may serve as a biomarker to identify patients who could benefit from macrophage-targeted 
therapies such as CSF1R inhibitors, CD47/SIRPα blockade, or TAM-reprogramming agents.40–42 Additionally, the 
correlation between SMYD3 expression and predicted sensitivity to multiple targeted or immunomodulatory drugs 
suggests that SMYD3-guided drug selection may help optimize personalized treatment strategies. Collectively, these 
findings highlight the dual value of SMYD3—as both a prognostic indicator and a potential predictive marker for 
therapeutic decision-making and treatment response monitoring in thyroid cancer.
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Limitation
While our study provides novel insights into the prognostic significance of tumor-associated macrophages and key 
macrophage-related genes in thyroid cancer, several limitations should be noted. First, all transcriptomic data used in this 
study were derived from publicly available databases such as TCGA and GEO, and lack validation in independent 
cohorts, especially in local clinical samples from our institution. This may limit the applicability of the findings to 
broader patient populations. Second, although macrophages were identified as the key immune subset contributing to the 
tumor microenvironment, our functional validation experiments were performed exclusively in the TPC-1 thyroid cancer 
cell line rather than in macrophages. As a result, we did not directly assess how manipulation of SMYD3 affects 
macrophage polarization, activity, or tumor infiltration. Future studies using primary TAMs or macrophage–tumor co- 
culture systems will be required to substantiate the macrophage-specific mechanisms implicated by our bioinformatic 
analyses. Third, while we demonstrated that SMYD3 influences tumor cell proliferation and drug sensitivity, the 
underlying molecular mechanisms—such as its downstream epigenetic targets or crosstalk with oncogenic pathways 
were not comprehensively explored.

Conclusion
In summary, our study integrates single-cell transcriptomic profiling, high-dimensional co-expression network analysis, and 
ensemble machine learning to identify a distinct tumor-associated macrophage subpopulation and its transcriptional 
programs in thyroid cancer. By embedding these macrophage-specific molecular signatures into a robust prognostic 
model, we significantly improve patient risk stratification and highlight therapeutic vulnerabilities in high-risk individuals. 
Among the key genes identified, SMYD3, DNAJB1, and HSPA6 emerged as central components of the macrophage- 
associated module, with SMYD3 further validated through in vitro experiments to promote tumor cell proliferation, 
migration, and epithelial–mesenchymal transition. These findings suggest that macrophage-driven gene expression programs 
may influence both tumor behavior and therapeutic response. Future work should focus on the mechanistic dissection of 
these genes in immune–tumor cell interactions and their potential as targets for macrophage-reprogramming or combinatorial 
therapies, paving the way for clinically actionable strategies in thyroid cancer management.
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