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Abstract
Background

Papillary thyroid carcinoma (PTC) is marked by diverse molecular changes, yet there is a paucity of
reliable biomarkers for its early diagnosis and prognosis. This study seeks to identify and validate robust
transcriptomic signatures with both diagnostic and prognostic significance in PTC.

Methods

We integrated transcriptomic data from public repositories and conducted differential expression
analysis, weighted gene co-expression network analysis (WGCNA), and machine learning-based feature
selection techniques, including LASSO, Random Forest, and XGBoost, to pinpoint key genes. Functional
enrichment, gene set enrichment analysis (GSEA), and gene set variation analysis (GSVA) were utilized
to elucidate the underlying biological pathways. The diagnostic and prognostic efficacy of candidate
genes was assessed through ROC analysis, nomogram construction, and decision curve analysis.
Additionally, a IncRNA-miRNA regulatory network was constructed to investigate post-transcriptional
mechanisms.

Results

The study identified two consensus genes, SPATA18 and IGF2BP2, as robust biomarkers with significant
upregulation in papillary thyroid carcinoma (PTC), exhibiting exceptional diagnostic efficacy (AUC >
0.95). A prognostic nomogram incorporating these genes demonstrated high predictive accuracy (AUC =
0.945) and clinical applicability. Gene Set Enrichment Analysis (GSEA) indicated their involvement in
oxidative phosphorylation, p53 signaling, extracellular matrix-receptor interaction, and hypoxia response
pathways. Additionally, Gene Set Variation Analysis (GSVA) underscored widespread dysregulation in
metabolic and immune-related pathways.

Conclusions

SPATA18 and IGF2BP2 have been identified as potential biomarkers with substantial diagnostic and
prognostic significance in PTC. The developed nomogram and regulatory network elucidate underlying
molecular mechanisms and potential therapeutic targets, thereby enhancing personalized risk
stratification and informing clinical decision-making.

1 Introduction

Thyroid carcinoma (TC) represents the most prevalent malignancy of the endocrine system, with its
global incidence exhibiting a marked upward trend over recent decades[1]. Among all histological
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subtypes, papillary thyroid carcinoma (PTC) accounts for approximately 80% of cases[2]. While the
majority of PTC patients enjoy favorable prognoses with standard treatment, a subset experiences
aggressive disease progression, including lymph node metastasis, recurrence, and even
dedifferentiation[3]. This clinical heterogeneity underscores the pressing need for reliable biomarkers
capable of early detection, accurate risk stratification, and guiding personalized therapeutic
interventions[4, 5].

The rapid advancement of high-throughput sequencing technologies and public genomic databases has
catalyzed the discovery of molecular drivers in PTC. Previous investigations have identified several
pivotal mechanisms underlying PTC pathogenesis. These include SUMOylation-related modifications
implicating genes such as BMP8A, RGS8, and SERPIND1[6, 7]; dynamic alterations in the tumor immune
microenvironment, particularly involving CD8 + T cell infiltration[8, 9]; metabolic reprogramming mediated
by molecules like TBC1D4[10-12]; and epigenetic regulation, exemplified by DNMT3B-mediated
methylation of FAM111B[13, 14]. Despite these significant strides, the molecular landscape of PTC
remains incompletely elucidated, and clinically applicable biomarkers with robust diagnostic and
prognostic performance are still lacking[15, 16].

The integration of multi-omics data with sophisticated bioinformatics approaches offers a powerful
strategy for uncovering novel biomarkers. Weighted gene co-expression network analysis (WGCNA)
enables the identification of functionally relevant gene modules associated with clinical traits, while
machine learning algorithms such as LASSO, Random Forest, and XGBoost facilitate the selection of
stable and interpretable feature genes from high-dimensional data[17, 18]. Furthermore, comprehensive
functional enrichment analyses are indispensable for deciphering the biological pathways engaged by
candidate biomarkers[19, 20].

In this study, we integrated transcriptomic data from public repositories and implemented a systematic
bioinformatics framework incorporating differential expression analysis, WGCNA, and multiple machine
learning algorithms. Our objectives were threefold: (1) to identify and validate core genes with diagnostic
and prognostic significance in PTC; (2) to construct a reliable prognostic model based on these genes
and assess its clinical utility; and (3) to explore the potential biological functions and regulatory
networks of the identified biomarkers. We successfully pinpointed SPATA18 and IGF2BP2 as promising
biomarkers and developed a prognostic nomogram, providing new insights into the molecular
mechanisms of PTC and potential tools for personalized patient management.

2 Materials and methods

2.1 Data acquisition and preprocessing

Public RNA-seq data encompassing papillary thyroid carcinoma (PTC) and normal thyroid tissue
samples were retrieved from the Gene Expression Omnibus (GEO) (accession number: GSE33630 and
GSE29265). After quality control and removal of batch effects using the ComBat algorithm, normalized
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expression matrices were generated. A total of 69 PTC samples and 65 normal thyroid tissue samples
were included for subsequent analyses.

2.2 Differential expression analysis and functional
enrichment

Differentially expressed genes (DEGs) between PTC and normal tissues were identified using the limma
R package, with thresholds set at |log2(fold change)| > 1 and adjusted p-value < 0.05[21, 22]. Functional
enrichment analysis, including Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway analyses, was performed using the clusterProfiler package. Terms with an adjusted p-
value < 0.05 were considered significantly enriched.

2.3 Weighted gene co-expression network analysis
(WGCNA)

A weighted gene co-expression network was constructed using the WGCNA R package on the GSE33630
dataset. Gene modules were identified through hierarchical clustering and dynamic tree cutting, with a
minimum module size of 50 genes. Module-trait relationships were assessed by correlating module
eigengenes with clinical traits, focusing on modules significantly associated with PTC status.

2.4 Machine learning-based feature selection

To identify robust prognostic biomarkers, we employed three machine learning algorithms: LASSO (Least
Absolute Shrinkage and Selection Operator) regression, Random Forest (RF), and eXtreme Gradient
Boosting (XGBoost). LASSO regression was performed using the gimnet package with ten-fold cross-
validation to select the optimal penalty parameter (\)[23]. Random Forest modeling was implemented
with optimized decision trees, and feature importance was evaluated using Mean Decrease Gini and
Mean Decrease Accuracy. [24]. XGBoost analysis was conducted with default parameters, and SHAP
(SHapley Additive exPlanations) analysis was applied to interpret feature importance. Genes selected by
all three algorithms were considered consensus feature genes[25].

2.5 Construction and validation of a prognostic nomogram

A prognostic nomogram was developed by integrating the expression levels of the consensus feature
genes using the rms R package. The model’'s performance was evaluated through internal validation.
Calibration curves were plotted to compare predicted probabilities with observed outcomes. Decision
curve analysis (DCA) and clinical impact curve (CIC) analysis were conducted to assess the clinical
utility of the model. The discriminative ability was quantified using receiver operating characteristic
(ROC) curve analysis in both training and validation cohorts[26].

2.6 Immune infiltration and tumor microenvironment
analysis
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The relative abundances of 22 immune cell types in each sample were estimated using the CIBERSORT
algorithm. The ESTIMATE algorithm was applied to calculate stromal, immune, and ESTIMATE scores.
Spearman correlation analysis was performed to evaluate the relationships between key biomarker
expression and immune cell infiltration levels.

2.7 Gene set enrichment analysis (GSEA) and gene set
variation analysis (GSVA)

GSEA was performed using the HALLMARK gene set database to identify biological pathways
associated with high and low expression of key biomarkers. A normalized enrichment score (NES) with
INES| > 1.5 and a false discovery rate (FDR) < 0.25 were considered significant. GSVA was conducted
using the GSVA R package with the HALLMARK gene set collection to estimate pathway activity
variations across all samples[27, 28].

2.8 Construction of a IncRNA-miRNA interaction network

Potential IncRNA-miRNA interactions were predicted using the ENCORI database with a threshold of 10.
The regulatory network was visualized using Cytoscape software. Hub molecules within the network
were identified based on degree centrality[29].

3 Results

3.1 Transcriptomic profiling identifies widespread
dysregulation in PTC

Differential expression analysis identified a total of 841 significantly dysregulated genes (459
upregulated and 382 downregulated) in PTC compared to normal thyroid tissues (|log2FC| > 1, adj. p <
0.05) (Fig. 1A). KEGG pathway enrichment analysis of these DEGs revealed significant involvement in
pathways related to extracellular matrix (ECM) organization, cancer pathogenesis (e.g., p53 signaling,
transcriptional misregulation), and immune response (e.g., complement and coagulation cascades)
(Fig. 1B). GO analysis further highlighted dominant roles in biological processes such as extracellular
matrix organization and synaptic signaling, and molecular functions including serine-type peptidase
activity (Fig. 1C, D).

3.2 WGCNA identifies key gene modules correlated with
PTC

Sample clustering revealed no outliers (Fig. 2A). WGCNA constructed a scale-free co-expression network
with a soft-thresholding power of 13 (Fig. 2B). eigengene clustering revealed their relationships (Fig. 2C),
and Hierarchical clustering identified 6 distinct co-expression modules (Fig. 2D). Module-trait

association analysis demonstrated that several modules, most notably the 'blue' and 'magenta’ modules,
showed highly significant correlations with the PTC phenotype (Fig. 2E). Within the blue module, a strong
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positive correlation was observed between gene significance for PTC and module membership,
validating its biological relevance (Fig. 2F).

3.3 LASSO-RF-XGBoost integrated framework identifies
SPATA18 and IGF2BP2 as robust PTC biomarkers

To identify robust diagnostic and prognostic biomarkers for papillary thyroid carcinoma (PTC), we
established an integrated framework combining three high-performance machine learning algorithms:
least absolute shrinkage and selection operator (LASSO), random forests (RF), and eXtreme Gradient
Boosting (XGBoost), to systematically filter candidate feature genes. The LASSO algorithm, a penalized
regression method optimizing model interpretability and accuracy via a contraction penalty function, was
implemented with the “glmnet” R package. Guided by coefficient profiles and binomial deviance curves,
the optimal penalty parameter was determined, and a 10-gene signature was ultimately identified

(Figs. 3A, 3B). For RF analysis, we used the “randomForest” R package, with the number of decision trees
optimized via the error convergence curve (Fig. 3C). Feature importance was ranked by Mean Decrease
Gini (Fig. 3D) and Mean Decrease Accuracy (Fig. 3E), with SPATA18 and IGF2BP2 consistently ranked as
the top influential genes. The XGBoost model, built on regularized gradient-boosted decision trees, was
interpreted via SHAP analysis (Fig. 3F) and feature importance metrics (Figs. 3G, 3H), showing
consistent key gene rankings with the aforementioned algorithms. A Venn diagram visualized the
consensus genes from the three high-performance classifiers, and their intersection pinpointed SPATA18
and IGF2BP2 as high-confidence PTC biomarkers (Fig. 31). The overlapping candidates proceeded to
subsequent validation stages, with diagnostic accuracy evaluated via ROC curves and corresponding
AUC values using the “pROC” R package.

3.4 SPATA18 and IGF2BP2 exhibit superior diagnostic
performance

Receiver operating characteristic (ROC) curve analysis was performed to evaluate the diagnostic
potential of the consensus genes. Both SPATA18 and IGF2BP2 demonstrated exceptional capability in
distinguishing PTC tissues from normal controls, with Area Under the Curve (AUC) values of 0.951 each
(Figs. 4A, B), confirming their outstanding power as diagnostic biomarkers.

3.5 A prognostic nomogram integrating SPATA18 and
IGF2BP2 shows high clinical utility

A prognostic nomogram was constructed by integrating the expression levels of SPATA18 and IGF2BP2
to predict individual PTC risk (Fig. 5A). The model showed excellent calibration, with the calibration curve
closely aligning with the ideal line (Fig. 5B). Decision curve analysis (DCA) indicated that the nomogram
provided a higher net benefit across a wide range of risk thresholds compared to "treat-all" or "treat-
none" strategies (Fig. 5C). Clinical impact curves further visualized its potential utility (Fig. 5D). The
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model achieved an AUC of 0.945 in the training set (Fig. 5E) and maintained robust performance (AUC =
0.940) in the validation set (Fig. 5F).

3.6 GSEA elucidates functional roles of SPATA18 and
IGF2BP2 in key pathways

GSEA revealed distinct pathway associations for the two biomarkers. High expression of SPATA18 was
positively associated with 'Oxidative phosphorylation' (NES = 2.21), 'p53 signaling pathway' (NES = 1.81),
and 'Chemokine signaling pathway' (NES = 1.63) (Fig. 6A). Its low expression was linked to the inhibition
of pathways like 'TGF-beta signaling' (NES=-1.76) and 'Focal adhesion' (NES=-1.72) (Fig. 6B). For
IGF2BP2, high expression strongly enriched 'ECM-receptor interaction' (NES = 2.63), 'Focal adhesion’
(NES = 2.29), and 'Response to hypoxia' (NES = 1.80) (Fig. 6C). Conversely, pathways including
‘Autoimmune thyroid disease' (NES=-1.79) and 'TCA cycle' (NES=-1.83) were suppressed in the IGF2BP2
low-expression group (Fig. 6D).

3.7 GSVA reveals global pathway dysregulation in the PTC
cohort

Gene Set Variation Analysis (GSVA) provided a panoramic view of pathway activity alterations.
Unsupervised clustering of GSVA enrichment scores for HALLMARK gene sets clearly separated PTC
samples from normal tissues (Fig. 7A). Notably, pathways such as 'MYC TARGETS', 'EPITHELIAL
MESENCHYMAL TRANSITION', and 'HYPOXIA' were significantly activated in tumors, while metabolic
pathways like 'OXIDATIVE PHOSPHORYLATION' and 'FATTY ACID METABOLISM' were suppressed
(Fig. 7B), indicating profound metabolic reprogramming in PTC.

3.8 The core IncRNA-miRNA interaction network suggests
potential regulatory mechanisms

A core IncRNA-miRNA interaction network was constructed to explore the post-transcriptional regulatory
mechanisms of the key biomarkers in PTC. The network comprised 31 IncRNAs and 18 miRNAs based
on predictions (Fig. 8). Topological analysis identified multiple hub nodes with high connectivity,
including miRNAs that directly target IGF2BP2 and SPATA18, highlighting their critical roles in the ceRNA
regulatory circuitry of PTC.

3.9 Validation of biomarker expression in an independent
cohort

Differential expression analysis in an independent validation dataset ( GSE33630) confirmed the
significant upregulation of both SPATA18 and IGF2BP2 mRNA levels in PTC tissues (n = 49) compared to
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normal thyroid tissues (n =45 (p < 0.001) (Figs. 9A, B), providing robust independent confirmation of our
bioinformatics findings.

4 Discussion

In this study, we implemented a comprehensive bioinformatics framework integrating transcriptomic
profiling, co-expression network analysis, and multiple machine learning algorithms to identify and
validate SPATA18 and IGF2BP2 as robust diagnostic and prognostic biomarkers in PTC. Our prognostic
nomogram, combining these two genes, demonstrated exceptional predictive accuracy (AUC > 0.94) and
clinical utility, providing a potential tool for personalized risk stratification.

Mechanistically, The pivotal role of SPATA18, a gene implicated in mitochondrial function and oxidative
metabolism, in cancer is increasingly recognized[30]. Our GSEA results, showing significant enrichment
of 'Oxidative Phosphorylation' and 'p53 Signaling Pathway' with high SPATA18 expression, align with
recent studies highlighting metabolic reprogramming as a hallmark of PTC[31]. Concurrently, the
oncogenic role of IGF2BP2 as an RNA-binding protein regulating mRNA stability and translation is well-
established in various cancers[32, 33]. Our findings that IGF2BP2 high expression enriches 'ECM-
Receptor Interaction' and 'Focal Adhesion’ pathways corroborate its involvement in modulating the tumor
microenvironment (TME), a critical aspect of PTC progression.

Notably, Post-translational modifications are key regulators of oncogenic signaling in thyroid cancer, and
may serve as upstream modulators of the biomarkers identified in our study. SUMOylation, one of the
critical post-translational modifications, has been reported to participate in thyroid carcinogenesis, and
is involved in regulating metabolic enzymes and extracellular matrix remodeling factors—core biological
processes associated with SPATA18 and IGF2BP2 in our enrichment analysis[6]. This suggests a
potential regulatory link between SUMOylation and the oncogenic pathways driven by our two
biomarkers, which warrants further exploration.

Beyond their direct roles in regulating intrinsic tumor cell pathways, Our immune infiltration analysis
revealed significant correlations between the biomarker expression signatures and altered immune cell
abundances. This is consistent with the growing understanding that the immune landscape is a key
determinant of PTC behavior and patient outcomes[34]. The observed associations with specific
immune cells, particularly those with anti-tumor properties such as CD8 + T cells, resonate with studies
highlighting the role of immune surveillance in containing PTC progression[9]. These findings further
support that SPATA18 and IGF2BP2 may influence PTC progression not only through intrinsic tumor cell
regulation, but also by remodeling the tumor immune microenvironment.

From a multi-omics perspective, Our study, primarily focused on the transcriptomic layer, is supported by

recent multi-omics investigations in thyroid cancer. A 2025 study characterizing the epigenetic

landscapes of benign thyroid nodules versus PTCs revealed that chromatin architecture and somatic

mutation hotspots are spatially coordinated in malignant transformation[35]. While our work did not

include epigenomic profiling, the dysregulated pathways we identified, such as p53 signaling and ECM
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organization, are frequently under epigenetic control. The potential regulation of SPATA18 and IGF2BP2
by DNA methylation or other epigenetic mechanisms, as suggested by studies like the one on DNMT3B-
mediated methylation of FAM111B in PTC, presents an exciting avenue for future research[13, 14].

Clinically, The high diagnostic and prognostic accuracy of our model underscores its translational
potential. The nomogram could aid clinicians in identifying high-risk patients who might benefit from
more intensive surveillance or adjuvant therapy. From a therapeutic perspective, the close association of
our biomarkers with core oncogenic pathways (metabolic reprogramming and TME remodeling) hints at
their potential as promising therapeutic targets for aggressive PTC. Our regulatory network analysis
further suggests potential for post-transcriptional modulation of these biomarkers using miRNA- or
IncRNA-based strategies, providing additional directions for targeted intervention development.

Nevertheless, Several limitations of our study should be acknowledged. Firstly, as a retrospective
analysis based on public databases, prospective studies with larger, multi-center cohorts are required to
validate our findings. Secondly, the precise molecular mechanisms through which SPATA18 and
IGF2BP2 contribute to PTC pathogenesis need to be fully elucidated through systematic functional
experiments in vitro and in vivo. Future research should integrate multi-omics data (e.g., epigenomics,
proteomics) to paint a more comprehensive picture of the upstream and downstream regulatory
networks of these two biomarkers. Additionally, exploring the potential of these biomarkers in liquid
biopsies could enhance their clinical applicability for non-invasive diagnosis and long-term monitoring of
PTC patients.

5 Conclusions

In conclusion, our integrative multi-omics bioinformatics analysis has successfully identified and
validated SPATA18 and IGF2BP2 as two robust, high-confidence biomarkers for papillary thyroid
carcinoma. The study demonstrates that a prognostic model integrating these two genes exhibits
exceptional diagnostic and prognostic performance, highlighting its potential for enhancing personalized
risk assessment and clinical decision-making in PTC management.

The functional characterization of these biomarkers reveals their involvement in distinct yet
complementary oncogenic pathways. SPATA18 is predominantly linked to metabolic reprogramming,
specifically oxidative phosphorylation, and the p53 signaling pathway. In contrast, IGF2BP2 plays a
critical role in remodeling the tumor microenvironment through its strong association with extracellular
matrix-receptor interactions and focal adhesion pathways. Furthermore, our discussion situates these
findings within the broader molecular context of PTC, suggesting their potential regulation by key post-
translational modification mechanisms implicated in thyroid carcinogenesis|7].

While this study provides valuable insights derived from a comprehensive bioinformatics framework, it
also underscores the necessity for future research. The precise molecular mechanisms through which
SPATA18 and IGF2BP2 exert their functions warrant rigorous experimental validation using in vitro and in
vivo models. Prospective studies with larger, multi-center cohorts are essential to further solidify the
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clinical translatability of our prognostic model. Ultimately, targeting the SPATA18/IGF2BP2 axis or their
associated regulatory networks may emerge as a novel therapeutic strategy for aggressive PTC.
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Figure 1

Transcriptomic Profiling Unveils Key Pathways in Thyroid Cancer Pathogenesis.

(A) Differentially expressed genes in thyroid cancer vs normal tissues |[LogFC| > 1 adjusted p < 0.05 red
upregulated blue downregulated.
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(B) KEGG enrichment DEGs enriched in ECM organization cancer pathogenesis and immune response

pathways.
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Weighted Gene Co-expression Network Analysis Identifies Clinically Relevant Gene Modules in
Papillary Thyroid Cancer.

(A) Sample clustering shows no outliers detected, all samples retained.

(B) WGCNA soft threshold power of 13 selected for scale-free network construction.

(C) Module eigengene clustering reveals biological relationships between modules.

(D) Module detection by dynamic tree cutting identified distinct co-expression modules.

(E) Module-trait correlation identifies MEblue and MEmagenta modules significantly correlated with PTC.

(F) Blue module validation confirms core genes strongly associated with PTC.
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Figure 3

Machine Learning-Based Feature Selection Identifies Robust Prognostic Gene Signatures in Thyroid
Cancer.

(A) LASSO regression feature selection Gene coefficients shrink with increasing regularization penalty
Optimal A selected by cross-validation for parsimonious prognostic features.
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(B) LASSO cross-validation curve Optimal A selected at minimum deviance Top line shows non-zero
coefficient count at each A.

(C) Random forest error rate vs number of trees Error converges with more trees demonstrating model
robustness.

(D) Top 10 random forest genes by Mean Decrease Gini ranking classification contribution.
(E) Top 10 random forest genes by Mean Decrease Accuracy ranking prediction accuracy impact.

(F) XGBoost SHAP summary plot Genes ordered by mean |[SHAP| importance Colored by feature value
red high expression blue low expression.

(G) Top 10 XGBoost genes by Gain importance quantifying predictive accuracy contribution.
(H) SHAP global feature importance Confirms SPATA18 and IGF2BP2 as most critical predictors.

() Consensus genes from LASSO RF and XGBoost Central intersection identifies most robust candidates
Prioritized for final prognostic signature.
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Figure 4

Diagnostic Performance Validation of Candidate Biomarkers Using ROC Curve Analysis

(A) SPATA18 ROC curve analysis AUC 0.951 excellent diagnostic power for thyroid cancer in GSE33630
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(B) IGF2BP2 ROC curve analysis AUC 0.951 excellent diagnostic biomarker for thyroid cancer in

GSE33630.
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Figure 5

Construction and Comprehensive Validation of a Prognostic Nomogram for Thyroid Cancer Risk

Prediction.
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(A) PTC risk prediction nomogram based on SPATA18 and IGF2BP2 Total points correspond to risk
probability 0.01-0.99 for rapid assessment.

(B) PTC risk model calibration curve Curves align closely with ideal line Strong accuracy minimal
overfitting.

(C) PTC risk model decision curve analysis Higher net benefit than all or none strategies across clinical
thresholds.

(D) PTC risk model clinical impact curve Simulated 1000 patients Shows high-risk individuals and true
events across thresholds.

(E) Training set ROC curve GSE33630 AUC 0.945 95% CI 0.884-1.000 Excellent discrimination.

(F) Validation set ROC curve GSE29265 AUC 0.94 95% Cl 0.871-1.000 Outstanding performance.
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Gene Set Enrichment Analysis Reveals Pathway Regulation by SPATA18 and IGF2BP2 in Papillary
Thyroid Cancer.

(A) GSEA of high SPATA18 expression Enriched pathways oxidative phosphorylation NES=2.21 p53
signaling NES=1.81 chemokine signaling NES=1.63 Positive association in PTC.

(B) GSEA of low SPATA18 expression Downregulated pathways TGF-beta signaling NES=-1.76 focal
adhesion NES=-1.72 pathways in cancer NES=-1.38 Negative association in PTC.
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(C) GSEA of high IGF2BP2 expression Enriched pathways ECM-receptor interaction NES=2.63 focal
adhesion NES=2.29 hypoxia response NES=1.80 Implicated in ECM and microenvironment regulation.

(D) GSEA of low IGF2BP2 expression Downregulated pathways autoimmune thyroid disease NES=-1.786
TCA cycle NES=-1.826 autophagy NES=-1.477 Negative association in PTC.
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Figure 7

Gene Set Variation Analysis Reveals Global Pathway Dysregulation in Thyroid Cancer.

(A) GSVA heatmap of HALLMARK pathway activities Shows 50 gene set enrichment scores Highlights
pathway activity differences between sample groups.

(B) Key dysregulated pathways by GSVA Bar plot ranks altered pathways by enrichment score Reveals
inhibition and activation patterns Implicates metabolic reprogramming and pro-tumorigenic signaling.
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Figure 8

Core IncRNA-miRNA interaction network.
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Figure 9

Differential Expression Validation of Key Biomarkers in Thyroid Cancer (***p < 0.001).
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