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Abstract. Despite generally favorable outcomes, identifying 
reliable biomarkers remains crucial for managing aggres‑
sive subtypes of thyroid cancer. The present study aimed to 
investigate the association between folate receptor γ (FOLR3) 
expression and the clinicopathological features of thyroid 
cancer, and to explore its clinical relevance using bioinfor‑
matics and experimental approaches, ultimately assessing 
its potential value as a diagnostic and therapeutic biomarker. 
Differential expression analysis of RNA‑sequencing data 
from The Cancer Genome Atlas database was performed to 
identify the differentially expressed gene FOLR3, followed by 
standard single‑cell analysis. Clinicopathological data from 
293 patients with thyroid cancer were collected to investigate 
pathological characteristics and FOLR3 expression, which was 
further validated using immunohistochemistry. The functional 
effects of FOLR3 on the malignant behavior of thyroid cancer 
cells were assessed using colony formation, Cell Counting 
Kit‑8, scratch wound healing and Transwell invasion assays. 
FOLR3 expression was significantly higher in normal thyroid 
tissue compared with cancer tissues (P<0.001). FOLR3 expres‑
sion level was associated with capsular invasion, perineural 
invasion, striated muscle invasion and pT stage (all P<0.05). 
Functional experiments demonstrated that FOLR3 suppressed 
the proliferation, migration and invasion of TPC‑1 cells (all 
P<0.05). In conclusion, FOLR3 expression is generally low or 
absent in thyroid cancer, particularly in cases demonstrating 
pronounced local infiltration, indicating its potential as a 
diagnostic biomarker for the evaluation of tumor invasive‑
ness. Patients with high FOLR3 expression exhibit a higher 
survival rate, suggesting its potential prognostic value. FOLR3 

inhibits the progression of thyroid cancer by inhibiting the 
STAT3/MAPK signaling pathways and reprogramming folate 
metabolism, highlighting its potential as a therapeutic target 
for thyroid cancer in the future. 

Introduction

Thyroid cancer ranks among the malignancies with the most 
rapidly increasing incidence. In the United States, its age-
standardized incidence rate nearly tripled from 1975‑1979 to 
2015‑2019. This trend has been particularly prominent among 
female patients in large urban areas, with the incidence among 
female patients rising from 7.8 to 29.5/100,000 during the 
same period, making it one of the most common cancer types 
in female patients (1,2). Although early‑stage thyroid cancer is 
generally associated with favorable outcomes following timely 
diagnosis and treatment, the 5‑year relative survival rate is 
~98.5%, advanced disease accompanied by local invasion and 
distant metastasis remains a key challenge, often leading to 
poor prognosis (3). Thus, elucidating the molecular mecha‑
nisms underlying thyroid cancer progression and identifying 
relevant biomarkers are key for the enhancement of diagnostic 
accuracy and therapeutic strategies. 

Folate receptor γ (FOLR3) is a key member of the folate 
receptor family. FOLR3 belongs to a soluble receptor subtype 
that serves a key role in the uptake and utilization of extracel‑
lular folic acid (4). Folate serves a dual role in cancer. On the 
one hand, folate may help prevent the development of certain 
cancer types. Previous studies have suggested that high folate 
intake is associated with a reduced risk of breast, colorectal and 
ovarian cancer types, making it a candidate for targeted cancer 
therapy (5‑8). By contrast, folate may also promote cancer 
progression, for example, certain studies indicate that it might 
accelerate the development of prostate cancer (9,10). Dietary 
folate promotes hepatocellular carcinoma progression by 
hijacking methionine metabolism through VCIP135‑mediated 
stabilization of methionine adenosyltransferase IIα, thereby 
coupling one‑carbon and methionine metabolic flux to fuel 
tumor growth (11). The abnormal expression of FOLR3 may 
contribute to tumorigenesis and progression by interfering 
with folate metabolism, affecting DNA synthesis, meth‑
ylation and cell proliferation. Furthermore, FOLR3 can exert 
antimicrobial and antitumor effects by sequestering natural 
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folate, thereby depriving bacteria and tumor cells of this vital 
nutrient  (12,13). Although evidence suggests that FOLR3 
is involved in cancer pathogenesis, its specific function in 
thyroid cancer remains poorly understood (14‑17). Therefore, 
investigating the expression level of FOLR3 in thyroid cancer 
and its association with clinicopathological features may offer 
novel biomarkers for early diagnosis and prognosis evaluation 
of thyroid cancer. 

Materials and methods

Bioinformatic analysis. Gene expression data for thyroid cancer 
were obtained from The Cancer Genome Atlas (TCGA; portal.
gdc.cancer.gov/) database and the Gene Expression Omnibus 
(GEO; ncbi.nlm.nih.gov/geo/) dataset GSE250521 (18). From 
TCGA, the Thyroid Carcinoma project dataset was downloaded 
via the Genomic Data Commons Data Portal, which includes 
RNA‑Seq data from tumor and adjacent normal tissue. The 
combined dataset included clinical information for 572 indi‑
viduals, comprising of 513 thyroid cancer cases and 59 normal 
controls. Differential gene expression analysis was performed 
using the ‘limma’ package in the R software (version 3.64.1; 
R Development Core Team) (19), with a significance threshold 
set at adjusted P<0.05 and |log2FC|>2.5. Genes with log2FC 
>2.5 were considered upregulated, those with log2FC <‑2.5 
were classified as downregulated and genes with values 
between ‑2.5 and 2.5 were regarded as unchanged. Functional 
enrichment analyses, including Gene Ontology (GO) and 
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway 
analyses were performed using the ‘clusterProfiler’ package 
(version 4.16.0) in R (20). Univariate Cox regression analysis 
and multivariate Cox regression analysis were performed 
using the ‘survival’ (version 3.8‑3) and ‘survminer’ packages 
(version 0.4.9) in R (21). Furthermore, FOLR3 expression in 
thyroid cancer was evaluated using the GEPIA2.0 (gepia.
cancer‑pku.cn) and University of Alabama at Birmingham 
Cancer data analysis Portal (ualcan.path.uab.edu/index.html) 
databases. For immune/stromal infiltration analysis, Cell‑type 
Identification by Estimating Relative Subsets of RNA 
Transcripts (CIBERSORT) estimated immune cell proportions 
via deconvolution, while ESTIMATE calculated immune and 
stromal scores from signature gene sets (22,23). Together, they 
provide a comprehensive tumor microenvironment (TME) 
composition profile. 

The single‑cell gene expression matrix was preprocessed 
using the ‘Seurat’ R package (version 4.4.0) to ensure data 
quality and prepare for downstream analyses (24). Cell filtering 
was performed by retaining cells that met the following 
criteria: Detection of ≥500 genes, presence in ≥3 cells with 
non‑zero unique molecular identifier (UMI) counts and a 
mitochondrial UMI ratio <25%. Genes detected in <3 cells 
were excluded. Highly variable genes were selected for dimen‑
sionality reduction via principal component analysis and the 
top 30 principal components were used for Uniform Manifold 
Approximation and Projection to visualize high‑dimensional 
gene expression patterns in two dimensions. The Harmony 
algorithm was applied to correct for batch effects and minimize 
technical variability (25). Cell clustering was performed using 
the ‘FindClusters’ function with a resolution parameter of 0.7 
to identify distinct cell populations. Differential expression 

analysis across cell subpopulations was conducted with the 
‘FindAllMarkers’ function using the Wilcoxon rank‑sum 
test and P‑values were adjusted for multiple analysis with the 
false discovery rate (FDR) correction. Cell‑cell communica‑
tion analysis was carried out with the ‘CellChat’ package 
(version 1.6.1) to predict ligand‑receptor interactions  (26). 
Folate metabolism‑related gene sets were obtained from the 
Molecular Signatures database and pathway activity scores 
were calculated using the ‘AddModuleScore’ function (27). 
Cells were stratified into high‑ and low‑score groups based on 
the median pathway score, with a cutoff of 0.108. Myeloid cell 
subpopulations were annotated using the same workflow and 
analytical methods. 

Clinical data. The present study included a total of 293 patients 
with thyroid cancer who were treated at Chifeng Hospital of 
Inner Mongolia (Chifeng, China) between January 2021 and 
June 2024. The cohort comprised 51 male and 242 women, 
with ages ranging from 19 to 78  years. According to the 
histopathological diagnosis, there were 287 cases of papil‑
lary thyroid carcinoma (PTC), 3 cases of follicular thyroid 
carcinoma and 3 cases of anaplastic thyroid carcinoma. The 
collected clinical and pathological parameters included sex, 
age, capsule invasion, perineural invasion, striated muscle cell 
infiltration, pathological tumor (pT) stage, tumor location, 
tumor focality, histological type, vascular infiltration and 
pathological lymph node (pN) stage, assessed according to the 
American Joint Committee on Cancer TNM staging system 
(8th edition) (28). 

Construction of high‑throughput thyroid tumor tissue micro‑
array. Tissue samples were sourced from the surgical resection 
specimens of the 293 thyroid cancer patients. A manual tissue 
microarrayer was used to mark the tumor regions on large 
tissue sections. A 1 mm diameter core was extracted from each 
donor block and transferred into a recipient paraffin block to 
construct a high‑throughput thyroid tumor tissue microarray. 
For each case, one core was taken from the tumor invasion 
front and one from adjacent normal thyroid tissue. 

Immunohistochemical staining (IHC). Formalin‑fixed, 
paraffin‑embedded tissue sections (thickness, 4 µm) were 
used. Tissue samples were fixed in 10% neutral‑buffered 
formalin at room temperature for 24‑48 h. Antigen retrieval 
was performed using EnVision two‑step method (95‑100˚C, 
15‑20 min). Sections were dewaxed, rehydrated through a 
descending alcohol series (100, 95, 70% ethanol) to distilled 
water, and endogenous peroxidase activity was blocked with 
3% hydrogen peroxide for 10  min at room temperature. 
Non‑specific binding was blocked with 5% normal goat serum 
for 1 h at room temperature. Normal serum was incubated with 
rabbit anti‑human FOLR3 antibody (1:100; cat. no. DF9519; 
Affinity Biosciences) overnight at 4˚C. After washing, EnVision 
HRP‑conjugated goat anti‑rabbit secondary antibody (1:100; 
Wuhan Proteintech, SA00001‑2) was added for 30 min at room 
temperature, and DAB staining was used for color develop‑
ment. Hematoxylin re‑dyeing for 2 min at room temperature. 
Phosphate buffer, isotype rabbit IgG (1:100, Wuhan Boster 
Biological Technology, Ltd.) instead of primary antibody were 
used as a negative control. Images were acquired using a light 
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microscope (Olympus Corporation) at x200 magnification. 
The percentage of cells positive for FOLR3 in thyroid cancer 
tissue vs. paired normal tissue was identified by QuPath 
software (version 0.4.4, QuPath) (29). The criteria for cytosol 
staining intensity was as follows: Negative, <0.20; 1, 0.2‑0.39; 
2, 0.40‑0.6 and 3+, >0.6 (30). IHC results were evaluated using 
H‑score method (31). 

Cell culture. Human thyroid carcinoma TPC‑1 cells (Abcells; 
cat. no. AC153) were cultured in complete medium (Seven 
Biotech) at  37˚C in a 5% CO2 incubator (Thermo Fisher 
Scientific, Inc.). Cells were passaged every 2‑3  days to 
maintain exponential growth.

Transfection. TPC‑1 cells were seeded in 6‑well plates 
and grown to ~70% confluence. The human FOLR3 over‑
expression plasmid (pcDNA3.1‑hFOLR3‑3XFLAG) and 
corresponding empty vector control (pcDNA3.1) were synthe‑
sized by Beijing Likeli Biotechnology Co., Ltd.). Cells were 
transfected with 2.5 µg FOLR3 overexpression or the empty 
control plasmid using 4 µl Lipo8000™ transfection reagent 
(Beyotime Biotechnology, C0533), according to the manufac‑
turer's instructions. The transfection complexes were added at 
37˚C. The culture medium was not replaced post‑transfection. 
Transfected cells were harvested for subsequent experimenta‑
tion 48 h post‑transfection. Transfected cells were divided into 
two groups: Flag‑FOLR3 group (FOLR3 overexpression) and 
the Flag‑negative control (NC) group. 

Reverse transcription‑quantitative PCR (RT‑qPCR). Total 
RNA was extracted from Flag‑FOLR3 and NC groups using 
the RNAprep pure cell kit (Tiangen Biotech Co., Ltd.) and 
reverse transcribed into cDNA with the PrimeScript™ RT 
reagent kit (Takara Bio, Inc.). RT was performed at 37˚C for 
15 min, followed by enzyme inactivation at 85˚C for 5 sec. 
RT‑qPCR was using the Beyofast SYBR™ Green qPCR mix 
(Beyotime Biotechnology) on a Fluorescent Quantitative 
PCR Instrument (Bio‑Rad). Thermocycling conditions were 
as follows: initial denaturation at 95˚C for 2 min, followed by 
40 cycles of denaturation at 95˚C for 15 s and annealing/exten‑
sion at 60˚C for 30 sec. The relative expression level of FOLR3 
and folate metabolism‑related genes was normalized to that of 
GAPDH, which served as the reference gene. All primers were 
designed and synthesized by Beyotime Biotechnology and 
quantification was performed using the 2‑ΔΔCq method (data not 
shown; Table I) (32). Each experiment was performed three 
times in duplicate. 

Protein isolation and western blotting. TPC‑1 cells were lysed 
using RIPA buffer (Beyotime Biotechnology) supplemented 
with PMSF (Beyotime Biotechnology) and homogenized 
mechanically until complete lysis was achieved. The lysate 
was centrifuged at 12,000 x g for 5 min at 4˚C to collect the 
supernatant. Protein concentration was determined using the 
Enhanced BCA Protein Assay Kit. Proteins (10 µg per lane) 
were separated by 10% SDS‑PAGE and transferred to PVDF 
membrane. The membrane was blocked with 5% non‑fat 
milk in TBST at room temperature for 1 h, the corresponding 
FOLR3 (1:2,000; Affinity Biosciences; cat.  no.  DF9519) 
and GAPDH antibody (1:2,000; Wuhan Boster Biological 

Technology, Ltd, BA1050) was added overnight at 4˚C. The 
membrane was washed and then the HRP‑conjugated goat 
anti‑rabbit secondary antibody (1:5,000; Wuhan Boster 
Biological Technology, Ltd, BM3874) was added for 1 h at 
room temperature. The indicator proteins were assessed using 
a hypersensitive ECL chemiluminescence kit (Seven Biotech) 
and the relative expression level of FOLR3 was normalized 
to GAPDH. Each experiment was performed three times in 
duplicate. 

Scratch assay. After transfection, cells from the Flag‑FOLR3 
and NC groups were seeded at 1x106 cells per well into 6‑well 
plate until they reached 100% confluence. A scratch was 
made in each well using a sterile 200 µl pipette tip. Cells were 
washed and cultured in RPMI‑1640 (Beijing Solarbio Science 
& Technology Co., Ltd.). Wound healing was observed and 
captured at  0,  24  and  48  h using an inverted microscope 
(Olympus Corporation). The migration distance was quanti‑
fied using ImageJ software (version 1.53f; National Institutes 
of Health). Each experiment was performed three times in 
duplicate.

Table I. Primer sequences.

Gene	 Primer sequences (5'‑3'

FOLR3	 F: CGCAAAGAGCGCATTCTGAAC
	 R: CTGGGCTGAGTCAAACCACA
GAPDH	 F: ACGGATTTGGTCGTATGGG
	 R: CGCTCCTGGAAGATGGTGAT
TYMS	 F: TGATGGTGTCAATCACTCTTTGC
	 R: TGGGGCAGAATACAGAGATATGG
MTHFR	 F: GAGCGGCATGAGAGACTCC
	 R: CCGGTCAAACCTTGAGATGAG
SLC19A1	 F: CTCAGCTTCGTGTCGGTGT
	 R: AGCGAGATGTAGTTGAGCGTG
PCFT	 F: GGCCCAGGGTTATGCCAAC
	 R: GGACAATGGATCGGTGGTGAC
Cyclin D1	 F: CAATGACCCCGCACGATTTC
	 R: CATGGAGGGCGGATTGGAA
Bcl‑2	 F: GGTGGGGTCATGTGTGTGG
	 R: CGGTTCAGGTACTCAGTCATCC
c‑FOS	 F: GGGGCAAGGTGGAACAGTTAT
	 R: CCGCTTGGAGTGTATCAGTCA
c‑Jun	 F: TCCAAGTGCCGAAAAAGGAAG
	 R: CGAGTTCTGAGCTTTCAAGGT
VEGF	 F: AGGGCAGAATCATCACGAAGT
	 R: AGGGTCTCGATTGGATGGCA
MCL1	 F: GTGCCTTTGTGGCTAAACACT
	 R: AGTCCCGTTTTGTCCTTACGA

FOLR3, folate receptor γ; TYMS, thymidylate synthase; MTHFR, 
methylenetetrahydrofolate reductase; SLC19A1, solute carrier family 
19 member 1; PCFT, proton‑coupled folate transporter; c‑FOS, Fos 
proto‑oncogenes, AP‑1 transcription factor subunit; MCL1, myeloid 
cell leukemia‑1; F, forward; R, reverse.

https://www.spandidos-publications.com/10.3892/ol.2026.15459
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Cell Counting Kit‑8 (CCK‑8) assay. Transfected cells 
were seeded into 96‑well plates. After culturing for 0, 24, 
48, 72 and 96 h, enhanced CCK‑8 (Beyotime Biotechnology) 
was added to each well. Following incubation for 1.5 h, the 
optical density value at 450 nm was measured using a micro‑
plate reader (Thermo Fisher Scientific, Inc.), Each experiment 
was performed three times in duplicate. 

Clone formation assay. Transfected cells were seeded at 
1,000 cells/well into 6‑well plates and cultured for 14 days in 
a CO2 incubator at 37˚C. Cells were fixed at room temperature 
with 4% paraformaldehyde (Beyotime Biotechnology) for 
20 min and stained with 0.1% crystal violet solution (Beyotime 
Biotechnology) at room temperature for another 20 min. Each 
experiment was performed three times in duplicate. 

Transwell invasion assay. The upper chamber of Transwell 
plates were pre‑coated with Matrigel™ Basement Membrane 
Matrix (Beyotime Biotechnology) and incubated for 2  h 
at 37˚C. A cell suspension containing 5x104 cells in 200 µl 
serum‑free RPMI‑1640 medium (Beijing Solarbio Science & 
Technology Co., Ltd.). was added to the upper chamber and 
600 µl TPC‑1 complete medium (Abcells) containing 10% 
FBS was placed in the lower chamber. Following incubation 
for 24 h at 37˚C in a 5% CO2 incubator, cells that had invaded 
through the membrane were fixed with 4% paraformaldehyde 
at room temperature for 20 min, stained with 0.1% crystal 
violet at room temperature for 20 min and counted under a 
microscope. Each experiment was performed three times in 
duplicate. 

Statistical analysis. Statistical analyses were performed 
using GraphPad Prism (version 8.0.2; Dotmatics), ImageJ 
(version 1.53f; National Institutes of Health) and SPSS software 
(version 23.0; IBM Corp.), and R software (version 4.2.3). Data 
from the IHC analysis are presented as mean ± SD. P<0.05 
was considered statistically significant. In bioinformatic 
analyses, significance thresholds were set at P<0.05 and a 
false discovery rate (FDR) <0.05. For functional experiments, 
group comparisons were conducted as follows: the CCK‑8 
cell proliferation, scratch wound healing, colony formation 
and Transwell invasion assays were analyzed using unpaired 
Student's t‑tests. Comparisons of FOLR3 expression between 
paired tumor and adjacent normal tissue in IHC were analyzed 
using paired Student's t‑test. The associations between FOLR3 
expression and clinicopathological features (including age, 
sex, tumor location, pT and pN stage, perineural and vascular 
invasion) were evaluated using the χ2 or Fisher's exact test, as 
appropriate. Independent prognostic factors were identified 
using multivariate Cox regression analysis. All bioinformatic 
statistical computations, data processing and visualizations 
were performed using R software.

Results

Bioinformatics analysis of FOLR3 expression in thyroid 
cancer and normal adjacent tissue. Expression profiling 
analysis of thyroid cancer data from TCGA identified 520 
differentially expressed genes (DEGs), including 235 up‑ and 
285 downregulated genes. The distribution of these DEGs 

is visually represented in the volcano plot (Fig.  1A). GO 
enrichment analysis identified 24 enriched terms in the three 
major categories: Biological process, cellular component and 
molecular function, while KEGG pathway analysis revealed 
10 significantly enriched pathways (P<0.01; Fig. 1B and C). 
GO enrichment analysis was primarily associated with ‘neural 
synapse‑related functions’, ‘extracellular matrix remodeling’ 
and ‘ion channel activity’. KEGG pathway analysis highlighted 
processes such as ‘cell adhesion molecules’, ‘tyrosine metabo‑
lism’, ‘protein digestion and absorption’ and ‘complement and 
coagulation cascades’. 

Furthermore, a least absolute shrinkage and selection 
operator (LASSO) regression model, developed using machine 
learning techniques was employed to identify genes associ‑
ated with the progression and prognosis of thyroid cancer 
(Fig. 1D). The resulting LASSO regression model and the 
results of cross‑validation results selected 10 relevant genes 
(integrin‑binding sialoprotein, ATPase secretory pathway 
Ca2+ transporting 2, synapse differentiation induced gene 1, 
stathmin‑2, FOLR3, LIM homeobox transcription factor 1‑β, 
C‑X‑C motif chemokine ligand 5, neuroligin‑1, family with 
sequence similarity 111, member B and zinc finger protein 
560; Fig. 1E). FOLR3 was selected as a research focus as it is 
one of the significantly downregulated genes in thyroid cancer, 
and the LASSO regression model identified it as one of the ten 
key genes associated with disease progression and prognosis. 

The present study results demonstrated that FOLR3 
expression was significantly downregulated in thyroid cancer 
tissues compared with normal tissues (P<0.001; Fig.  1F). 
Survival analysis indicated that high expression level of 
FOLR3 was associated with significantly worse overall 
survival in patients with thyroid cancer (P=0.0074; Fig. 1G). 
Multivariate Cox regression analysis identified CXCL5 as 
a significant independent prognostic biomarker for thyroid 
cancer (P=0.0047; Fig. 1J). Comparative assessment of TME 
profiles revealed distinct immune and stromal features associ‑
ated with FOLR3 expression levels and tissue status in thyroid 
cancer. ESTIMATE algorithm revealed low FOLR3 expres‑
sion was associated with lower tumor purity (P<0.001) and 
higher immune scores (both P<0.001) and ESTIMATE scores 
(P=0.0011; Fig. 1H). Similarly, thyroid cancer tissues exhib‑
ited markedly lower immune and stromal infiltration overall 
compared with normal tissues (Fig. 1I). CIBERSORT‑based 
immune deconvolution further illustrated divergent micro‑
environmental landscapes. High FOLR3 expression was 
associated with increased infiltration of antitumor immune 
subsets, including plasma cells (P=0.0415), CD8+ T cells 
(P=0.0027). By contrast, low FOLR3 expression favored an 
immunosuppressive milieu, characterized by elevated naïve 
CD4+ memory T cells (P=0.043), M0 macrophages (P=0.0005) 
and activated mast cells (P=0.0078) (Fig. 1K). Thyroid cancer 
tissues displayed enriched infiltration of immunosuppres‑
sive cells, such as resting Tregs (P=0.023), M2 macrophages 
(P=0.431), resting dendritic cells (P=0.0042) and resting mast 
cells (P=0.0011), compared with normal tissues, indicating 
an overall immunosuppressive TME (P<0.001) (Fig.  1L). 
These results collectively indicate that FOLR3 expression 
is closely associated with immune‑active microenvironment 
phenotypes, while its downregulation may contribute to an 
immunosuppressive TME in thyroid cancer. 
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Figure 1. Analysis of FOLR3 expression and its impact in thyroid cancer. (A) Volcano plot of DEGs (red, upregulated; blue, downregulated). (B) GO enrich‑
ment analysis demonstrating three major functional categories. (C) KEGG pathway enrichment of DEGs. (D) LASSO regression model for feature selection. 
(E) A 10‑fold cross‑validation curve for the LASSO model. (F) FOLR3 expression levels in thyroid cancer vs. normal tissue. (G) Survival analysis based on 
FOLR3 expression. (H) ESTIMATE scores comparing high vs. low FOLR3 expression groups. (I) ESTIMATE scores in thyroid cancer vs. normal tissues. 
(J) Univariate Cox regression analysis of prognostic factors. (K) CIBERSORT analysis of immune infiltration in high vs. low FOLR3 expression groups. 
(L) CIBERSORT analysis of immune infiltration in thyroid cancer vs. normal tissues. *P<0.05, **P<0.01, ***P<0.001 and ****P<0.0001. FOLR3, folate receptor 
γ; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; LASSO, least absolute shrinkage and selection operator; CIBERSORT, Cell‑type 
Identification by Estimating Relative Subsets of RNA Transcripts; DEGs, differentially expressed genes.

https://www.spandidos-publications.com/10.3892/ol.2026.15459
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Remodeling of the TME in PTC: Metabolic reprogramming, 
immune activation and altered cellular communication 
driven by folate‑high M1 macrophages. The present study 
comprehensively characterized the TME of PTC through 
integrated analysis of single‑cell transcriptomic data and 
functional enrichment. The PTC dataset GSE250521 was 
downloaded from the GEO database. After quality control 
and normalization, the dataset contained 33,505 cells and 
31,454 genes. Manual annotation of the main cell subsets 
revealed six distinct populations: Thyrocytes [thyroglobulin 
(TG), epithelial cell adhesion molecule, keratin (KRT) 18 and 
KRT19], fibroblasts (collagen type I α 1 chain, collagen type 
I α 2 chain, collagen type III α 1 chain and actin, α 2, smooth 
muscle), endothelial cells (platelet‑endothelial cell adhesion 
molecule 1, CD34, cadherin 5 and von Willebrand factor), 
T/natural killer (NK) cells (CD3D, CD3E, CD3G and CD247), 
B cells (CD79A, CD79B, immunoglobulin heavy constant 
µ and immunoglobulin heavy constant Δ) and myeloid cells 
(lysozyme, S100 calcium binding protein A8, S100 calcium 
binding protein A9 and CD14) (Fig. 2A and B). 

Key findings revealed extensive remodeling of the TME in 
PTC, beginning with a marked shift in cellular composition: 
The present study observed a marked decrease in thyrocytes and 
a concurrent increase in myeloid cells, indicative of enhanced 
stromal and immune infiltration accompanied by loss of func‑
tional thyroid epithelium (Fig. 2C). Further analysis identified 
elevated folate metabolism activity as a hallmark of PTC, 
particularly within myeloid cells. Notably, M1 macrophages 
not only demonstrated the highest folate metabolic score 
among all subsets but also constituted the majority of cells 
within the high folate metabolism group (Fig. 2D, H and I). 
Sub‑clustering of myeloid cells confirmed the expansion of M1 
macrophages in PTC (Fig. 2F and G) and these cells exhibited 
pronounced enrichment of immune‑inflammatory pathways, 
including TNF‑α, IFN‑γ, KRAS and NF‑κB signaling, 
allograft rejection, epithelial‑mesenchymal transition and 
complement activation (Fig. 2J, N and O). Cell communica‑
tion analysis revealed that M1 macrophages undergo the most 
notable alterations in both the number and strength of interac‑
tions, notably with T/NK cells and engage key ligand‑receptor 
axes such as secreted phosphoprotein 1‑CD44, TNF‑TNF 
receptor superfamily, macrophage migration inhibitory 
factor‑(CD74+/CD44/C‑X‑C motif chemokine receptor 4) and 
IL6‑IL6 receptor, which are key in inflammation, adhesion and 
immune regulation (Fig. 2E, K and M). In addition, signaling 
network inference highlighted ‘RESISTIN’, ‘MK’ and ‘GDF’ 
pathways as key mediators of intercellular crosstalk within the 
TME (Fig. 2L). Collectively, these results underscore the dual 
role of M1 macrophages in PTC, mechanistically associating 
folate metabolism with pro‑tumorigenic inflammation and 
immune modulation and identifying them as pivotal regulators 
of TME remodeling. 

Expression of FOLR3 protein in thyroid cancer and adja‑
cent normal tissue. IHC revealed that FOLR3 expression 
was significantly higher in normal thyroid tissues (H‑score, 
129.93±50.18) compared with thyroid cancer tissues (H‑score, 
99.68±47.67) (Table  II; Fig.  3). A paired t‑test confirmed 
that this difference was statistically significant (P<0.0001; 
Table II). 

Association analysis of FOLR3 and clinicopathological 
factors in thyroid cancer. The expression levels of FOLR3 were 
significantly associated with capsule invasion, neurofibrillary 
invasion, striated muscle cell invasion and pT stage (P<0.05) 
and there was no significant association with sex, age, tumor 
location, tumor focality, histological type, vascular invasion or 
pN stage (P<0.05) (Table III). FOLR3 was commonly down‑
regulated or absent in cases with capsule, rhabdomyocyte 
invasion or larger tumor burden, suggesting that FOLR3 could 
serve as an indicator of focal invasion in thyroid cancer. 

FOLR3 inhibits proliferation, invasion and migration 
of thyroid cancer TPC‑1 cells. The western blotting 
analysis (Fig. 4A and B) confirmed successful overexpres‑
sion of FOLR3 protein in TPC‑1 cells of the Flag‑FOLR3 
group compared with the NC (P<0.01). RT‑qPCR results 
demonstrated a significant upregulation of FOLR3 mRNA 
expression in the Flag‑FOLR3 group (P<0.0001; Fig. 4C). 
Colony formation assays demonstrated the clonogenic 
ability of Flag‑FOLR3 group was significantly lower 
compared with that of NC group (P<0.05), indicating that 
FOLR3 overexpression impaired the proliferative capacity 
of TPC‑1 cells (Fig. 4E and F). The results of the scratch 
assay demonstrated cell migration was significantly attenu‑
ated in the Flag‑FOLR3 group compared with the NC group 
at both 24 (P<0.05) and 48 h (P<0.001), confirming that 
FOLR3 overexpression suppresses the migratory ability of 
TPC‑1 cells (Fig. 4G and H). Similarly, Transwell invasion 
assays indicated that the invasive capacity of TPC‑1 cells was 
significantly reduced in the Flag‑FOLR3 group after 24 h 
(P<0.01), indicating that FOLR3 overexpression significantly 
inhibits cell invasion (Fig. 4I and J). CCK‑8 assays indicated 
that TPC‑1 cell proliferation was significantly inhibited at 48, 
72 and 96 h after FOLR3 overexpression (P<0.05; Fig. 4D). 

FOLR3 overexpression suppresses the progression of 
thyroid cancer by inactivating the STAT3/MAPK signaling 
pathways and subsequently reprogramming folate metabo‑
lism. To elucidate the molecular mechanism underlying the 
tumor‑suppressive role of FOLR3, the present study first 
investigated its impact on folate metabolism using qPCR 
analysis. Notably, FOLR3 overexpression significantly 
downregulated the mRNA level of the folate transporter gene 
solute carrier family 19 member 1 and upregulated that of 
solute carrier family 46 member 1 (P<0.05). Concurrently, 
expression levels of key folate metabolic enzyme genes, 
methylenetetrahydrofolate reductase and thymidylate 
synthase, were significantly downregulated (P<0.05). These 
results indicate that FOLR3 overexpression induces notable 
reprogramming of folate metabolism in thyroid cancer cells 
(Fig. 5A), which may contribute to the inhibition of tumor 
progression. 

The present study further examined whether FOLR3 
modulates oncogenic signaling pathways by assessing the 
expression levels of downstream effectors of STAT3 and 
MAPK signaling. RT‑qPCR revealed that overexpression of 
FOLR3 significantly downregulated both mRNA and protein 
levels of myeloid cell leukemia‑1 (MCL1), an anti‑apoptotic 
gene downstream of STAT3 (P<0.05). Similarly, expression 
levels of cyclin D1, a key cell cycle regulator mediated by the 
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Figure 2. Single‑cell transcriptomic profiling reveals metabolic‑immune remodeling in the tumor microenvironment of papillary thyroid carcinoma. (A) UMAP 
visualization of single‑cell RNA sequencing data from PTC and normal thyroid tissues. (B) Expression levels of canonical marker genes across major cell 
types. (C) Altered cellular composition in PTC vs. normal tissues. (D) Folate metabolism scores of major cell types. (E) Differential cell‑cell interactions 
within the TME. (F) Re‑annotation of myeloid cell subpopulations. (G) Altered proportions of myeloid subsets in PTC. (H) Heterogeneity in folate metabolism 
scores among myeloid subpopulations. (I) Distribution of myeloid subsets stratified by folate metabolism score and tissue type. (J) Top five enriched Hallmark 
pathways in myeloid cells. (K) Altered intercellular communication among myeloid subpopulations. (L) Signaling pathways ranked by intercellular communi‑
cation activity. (M) Key ligand‑receptor interactions involving M1 macrophages. (N) Comparison of Hallmark pathways significantly enriched in macrophages 
with high vs. low folate metabolic status. (O) Significantly enriched Hallmark pathways in high folate metabolism myeloid cells and M1 macrophages. FOLR3, 
folate receptor γ; UMAP, Uniform Manifold Approximation and Projection; PTC, papillary thyroid carcinoma; TME, tumor microenvironment.

https://www.spandidos-publications.com/10.3892/ol.2026.15459
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Table II. H‑scores of the patients (n=293).

Patient	 Normal thyroid	 Thyroid cancer
no.	 tissues	 tissues

  1	 164.55	 146.37
  2	 146.00	 136.58
  3	 133.02	 129.21
  4	 247.31	 195.57
  5	 148.17	 87.76
  6	 160.78	 138.36
  7	 114.05	 53.49
  8	 211.47	 154.97
  9	 193.39	 153.36
10	 154.94	 145.04
11	 150.71	 143.13
12	 183.65	 98.63
13	 171.79	 153.39
14	 151.49	 146.88
15	 201.25	 154.38
16	 186.21	 151.62
17	 116.70	 104.32
18	 152.38	 126.82
19	 162.38	 148.82
20	 171.70	 61.32
21	 125.82	 72.99
22	 215.35	 172.70
23	 219.23	 147.34
24	 171.05	 156.03
25	 196.15	 161.93
26	 184.15	 111.95
27	 181.24	 139.55
28	 133.28	 126.86
29	 204.96	 149.66
30	 143.99	 132.18
31	 174.22	 145.96
32	 156.80	 139.17
33	 86.04	 54.02
34	 108.69	 109.10
35	 119.19	 82.42
36	 109.45	 77.76
37	 108.59	 57.18
38	 99.96	 51.16
39	 86.40	 40.47
40	 96.69	 46.96
41	 122.83	 108.76
42	 158.93	 113.31
43	 140.82	 118.09
44	 105.50	 63.45
45	 131.70	 111.66
46	 139.03	 86.48
47	 94.88	 68.67
48	 56.94	 39.40
49	 85.17	 48.56
50	 11.55	 8.62
51	 135.13	 132.38

Table II. Continued.

Patient	 Normal thyroid	 Thyroid cancer
no.	 tissues	 tissues

  52	 147.64	 137.57
  53	 127.17	 119.15
  54	 92.66	 103.77
  55	 134.85	 84.52
  56	 96.37	 39.76
  57	 54.15	 42.18
  58	 65.47	 13.09
  59	 63.74	 1.07
  60	 5.88	 0.18
  61	 113.42	 91.81
  62	 210.17	 64.71
  63	 190.18	 122.17
  64	 88.44	 70.45
  65	 116.35	 157.87
  66	 76.91	 56.08
  67	 159.75	 68.34
  68	 156.54	 119.36
  69	 160.64	 136.02
  70	 59.53	 55.13
  71	 81.79	 78.75
  72	 93.73	 50.22
  73	 130.00	 39.09
  74	 87.28	 41.11
  75	 216.87	 103.31
  76	 98.67	 74.03
  77	 99.00	 73.30
  78	 90.94	 79.29
  79	 164.41	 93.89
  80	 167.83	 166.5
  81	 137.57	 69.51
  82	 111.62	 49.47
  83	 201.42	 134.27
  84	 163.93	 118.29
  85	 80.09	 61.97
  86	 192.61	 88.74
  87	 170.62	 152.33
  88	 191.49	 50.53
  89	 119.56	 119.22
  90	 67.67	 45.43
  91	 67.53	 51.54
  92	 106.34	 6.95
  93	 120.59	 35.01
  94	 61.15	 38.78
  95	 120.41	 89.81
  96	 50.26	 16.43
  97	 62.52	 42.29
  98	 48.86	 25.90
  99	 35.35	 24.36
100	 113.82	 113.06
101	 73.47	 64.73
102	 81.64	 76.59
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Table II. Continued.

Patient	 Normal thyroid	 Thyroid cancer
no.	 tissues	 tissues

103	 61.18	 14.07
104	 74.41	 28.97
105	 112.23	 58.89
106	 75.94	 45.13
107	 116.07	 93.56
108	 99.80	 58.09
109	 92.19	 22.33
110	 42.86	 12.04
111	 10.30	 11.21
112	 124.12	 50.37
113	 85.12	 42.66
114	 83.75	 74.22
115	 32.02	 14.77
116	 84.79	 90.94
117	 73.23	 96.52
118	 1.33	 8.67
119	 117.84	 96.20
120	 66.44	 56.91
121	 95.26	 97.71
122	 127.92	 76.75
123	 73.33	 79.05
124	 56.06	 45.97
125	 117.35	 76.76
126	 100.10	 44.13
127	 126.63	 110.81
128	 131.09	 100.99
129	 30.80	 28.38
130	 101.37	 82.66
131	 64.22	 55.62
132	 51.98	 35.75
133	 172.32	 64.74
134	 67.35	 60.24
135	 58.16	 41.55
136	 33.55	 33.89
137	 85.79	 60.32
138	 26.20	 5.91
139	 34.32	 10.65
140	 59.71	 42.04
141	 188.62	 104.21
142	 45.80	 31.95
143	 147.59	 75.87
144	 70.59	 38.08
145	 84.66	 59.77
146	 108.32	 87.49
147	 71.66	 57.89
148	 80.62	 134.46
149	 137.00	 116.60
150	 140.84	 139.98
151	 134.13	 81.44
152	 135.82	 131.41
153	 185.20	 161.26

Table II. Continued.

Patient	 Normal thyroid	 Thyroid cancer
no.	 tissues	 tissues

154	 158.57	 147.50
155	 147.48	 132.21
156	 180.52	 95.11
157	 78.38	 66.41
158	 161.33	 154.09
159	 111.38	 106.17
160	 184.15	 152.06
161	 148.90	 142.03
162	 190.60	 167.59
163	 194.39	 152.33
164	 166.85	 154.07
165	 158.80	 141.93
166	 188.04	 187.25
167	 143.03	 89.98
168	 162.27	 148.97
169	 168.05	 176.93
170	 127.95	 117.53
171	 147.88	 116.69
172	 112.18	 102.63
173	 164.60	 29.74
174	 124.81	 106.56
175	 104.00	 71.29
176	 80.54	 58.33
177	 39.82	 18.88
178	 100.87	 44.71
179	 96.21	 69.35
180	 133.71	 71.09
181	 69.68	 51.30
182	 106.75	 86.33
183	 131.84	 64.39
184	 71.89	 23.83
185	 132.16	 39.71
186	 129.86	 45.19
187	 52.52	 49.63
188	 86.69	 99.01
189	 96.55	 66.90
190	 39.05	 5.49
191	 57.76	 52.49
192	 78.92	 66.92
193	 53.93	 49.64
194	 114.65	 100.65
195	 84.82	 65.47
196	 111.75	 101.47
197	 80.33	 94.78
198	 108.18	 73.45
199	 76.27	 77.60
200	 112.31	 68.72
201	 80.01	 58.27
202	 89.42	 72.15
203	 96.58	 79.57
204	 102.38	 69.58

https://www.spandidos-publications.com/10.3892/ol.2026.15459
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MAPK pathway, were also significantly suppressed (P<0.05; 
Fig. 5B and C). These findings demonstrated that FOLR3 
overexpression effectively inhibits the activity of both STAT3 
and MAPK signaling pathways. Collectively, the present study 
results suggest that FOLR3 constrains thyroid cancer develop‑
ment through dual mechanisms: Inactivation of STAT3 and 
MAPK signaling pathways and concomitant reprogramming 
of folate metabolism. 

Table II. Continued.

Patient	 Normal thyroid	 Thyroid cancer
no.	 tissues	 tissues

205	 97.33	 70.65
206	 93.90	 76.41
207	 117.50	 60.98
208	 23.55	 3.58
209	 157.45	 107.52
210	 81.05	 60.24
211	 137.02	 116.14
212	 118.78	 79.55
213	 133.41	 133.66
214	 164.76	 116.36
215	 180.06	 182.92
216	 166.59	 118.32
217	 170.52	 170.16
218	 193.79	 163.37
219	 193.36	 158.70
220	 187.24	 170.76
221	 183.74	 145.64
222	 182.94	 172.33
223	 131.85	 89.28
224	 148.43	 77.22
225	 166.30	 160.53
226	 150.27	 142.50
227	 135.90	 81.77
228	 146.95	 133.12
229	 151.41	 150.12
230	 143.85	 133.38
231	 99.93	 43.97
232	 151.49	 121.59
233	 144.99	 124.87
234	 142.00	 122.68
235	 165.83	 140.79
236	 208.44	 187.60
237	 178.17	 163.92
238	 168.91	 141.85
239	 165.80	 145.45
240	 136.95	 139.40
241	 147.78	 135.69
242	 105.73	 86.53
243	 73.78	 0.95
244	 97.68	 47.81
245	 163.53	 57.35
246	 166.40	 107.74
247	 129.13	 108.89
248	 137.95	 112.03
249	 143.59	 109.13
250	 137.34	 132.70
251	 175.34	 147.97
252	 184.94	 172.82
253	 156.07	 143.52
254	 189.84	 188.35
255	 183.57	 169.42

Table II. Continued.

Patient	 Normal thyroid	 Thyroid cancer
no.	 tissues	 tissues

256	 168.51	 138.99
257	 127.93	 118.84
258	 158.56	 143.35
259	 123.80	 105.50
260	 194.29	 135.53
261	 159.92	 99.10
262	 131.32	 120.29
263	 48.63	 30.04
264	 164.66	 127.32
265	 127.74	 77.67
266	 101.59	 88.66
267	 128.55	 117.84
268	 100.90	 57.06
269	 134.81	 87.24
270	 134.47	 110.14
271	 118.35	 109.63
272	 131.51	 111.68
273	 126.47	 120.74
274	 243.09	 132.76
275	 138.70	 112.34
276	 215.87	 91.34
277	 163.43	 113.18
278	 192.07	 133.95
279	 177.21	 123.38
280	 174.17	 112.87
281	 152.79	 121.19
282	 130.25	 125.07
283	 182.06	 170.84
284	 163.29	 152.19
285	 142.50	 133.29
286	 135.76	 112.89
287	 162.53	 132.69
288	 164.47	 133.78
289	 114.49	 115.11
290	 183.97	 136.89
291	 158.09	 88.39
292	 98.89	 63.07
293	 160.68	 47.88

P<0.0001. The mean H‑score was significantly higher in normal 
tissues (129.93±50.18) than in cancer tissues (99.68±47.67).
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Discussion

Thyroid cancer is one of the fastest‑growing malignan‑
cies in recent years, with a notably higher incidence among 
women  (33,34). Despite the notable improvements in early 
diagnosis and treatment, patients with advanced thyroid 
cancer still face poor prognosis due to tumor invasiveness and 
metastasis  (35,36). Therefore, understanding the molecular 
mechanisms underlying thyroid cancer and identifying novel 
biomarkers are key to the improvement of diagnosis, treatment 
and prognosis. To the best of our knowledge, the present study 
investigated the expression level of FOLR3 in thyroid cancer 
and its association with clinicopathological features, for the 
first time. FOLR3, a member of the folate receptor family, 
has been implicated in various cancer types (37‑39). In tongue 
cancer, FOLR3 is an upregulated immune‑related target asso‑
ciated with patient prognosis (37). Similarly, its expression is 
upregulated in metastatic uterine leiomyosarcoma compared 
to primary tumors, suggesting a potential role in promoting 
metastatic disease (38). Furthermore, transcriptomic analysis of 
peripheral blood mononuclear cells from patients with head and 
neck squamous cell carcinoma revealed FOLR3 as one of the 
differentially expressed genes, indicating its systemic involve‑
ment in cancer‑related immune responses (39). The present 
bioinformatics analysis and experimental data revealed that 
FOLR3 is significantly downregulated in thyroid cancer tissues 
compared with normal tissue and its high expression was asso‑
ciated with worse overall survival. The seemingly contradictory 
link between FOLR3 expression and clinical prognosis may be 

explained by its cell type‑specific functions within the tumor 
microenvironment. While FOLR3 is typically downregulated in 
cancer cells (a tumor‑suppressive effect), its high overall levels 
in tumors mainly comes from tumor‑infiltrating immune cells 
such as macrophages. This immune‑derived FOLR3 enrichment 
is indicative of an immunosuppressive tumor microenviron‑
ment that promotes disease progression and is associated with 
poorer patient survival. Therefore, FOLR3 exhibits a dual 
function, acting as a putative tumor suppressor within cancer 
cells while serving as a biomarker and functional driver of an 
immune‑favorable, pro‑tumorigenic niche (12,37‑41). Therefore, 
FOLR3 has the potential for targeted therapy. 

Single‑cell transcriptomic analysis revealed a signifi‑
cant expansion of M1 macrophages with heightened folate 
metabolism in the TME of PTC. These folate‑high M1 
macrophages drive TME remodeling and promote pro‑tumor 
inflammatory responses through activation of immune‑inflam‑
matory pathways and enhanced intercellular communication. 
Mechanistically, FOLR3 suppresses thyroid cancer growth 
by inactivating the STAT3 and MAPK signaling pathways 
through downregulation of their key downstream oncogenes, 
MCL1 and cyclin D1, ultimately leading to reprogramming of 
folate metabolism. Notably, FOLR3 has also been reported to 
influence other cancer types. Recent studies have reported that 
FOLR3 undergoes hypomethylation in the blood of patients 
with non‑small cell lung cancer and lung adenocarcinoma, 
suggesting that FOLR3 hypomethylation could serve as an early 
diagnostic marker for these cancers (12,40). Furthermore, high 
expression of FOLR3 in patients with laryngeal squamous cell 

Figure 3. Immunohistochemical analysis of FOLR3 expression in thyroid tissues. (A) H&E staining of normal thyroid tissue. (B) IHC staining demonstrating 
high FOLR3 expression in normal thyroid tissue. (C) H&E staining of thyroid cancer tissue. (D) IHC staining demonstrating weak or absent FOLR3 expression 
in thyroid cancer tissue. Magnification, x200. FOLR3, folate receptor γ; IHC, immunohistochemistry.

https://www.spandidos-publications.com/10.3892/ol.2026.15459
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carcinoma after chemotherapy has been reported to influence 
subsequent treatment strategies (41). These findings across 
cancer types reinforce the biological and clinical relevance of 
FOLR3 and support the present study results highlighting its 
importance in thyroid cancer. 

The human body expresses three isoforms of folate recep‑
tors (FOLRs): FOLR1, FOLR2 and FOLR3, which have 
distinct distributions, structures and functions. Both FOLR1 
and FOLR2 are glycosylphosphatidylinositol (GPI)‑anchored 

membrane proteins that lack transmembrane domains, whereas 
FOLR3 is secreted into extracellular compartments, such as 
blood and breast milk, in a soluble form due to the absence of a 
GPI‑anchoring signal (42,43). FOLR1 mainly facilitates folate 
endocytosis to support classical folate‑dependent proliferative 
pathways. Although FOLR1 is upregulated in various types 
of cancers including ovarian cancer , Non‑Small Cell Lung 
cancer and rectal cancer, and is generally associates with accel‑
erated tumor progression and poor prognosis, its specific role 

Table III. Association between FOLR3 expression and clinicopathological parameters in patients with thyroid cancer (n=293).

	 FOLR3 expression
	------------------------------------------------------------
Clinicopathological feature	 No. of cases	 Low, n	 High, n	 P‑value

Sex				    0.465
  Male	 51	 29	 22	
  Female	 242	 124	 118	
Age, years				    0.165
  ≤65	 282	 145	 137	
  >65	 11	 8	 3	
Tumor location				    0.473
  Unilateral	 255	 129	 126	
  Bilateral	 38	 18	 20	
Histological type				    0.832
  Papillary carcinoma	 287	 145	 142	
  Follicular carcinoma	 3	 1	 2	
  Anaplastic cancer	 3	 1	 2	
Tumor focality				    0.446
  Single lesion	 165	 80	 85	
  Multiple lesions	 128	 67	 61	
Capsule invasion				    0.042a

  No	 102	 45	 57	
  Yes	 191	 108	 83	
Rhabdomyocyte invasion				    0.006a

  Yes	 285	 145	 140	
  No	 8	 8	 0	
pT stage				    0.047a

  1	 272	 141	 131	
  2	 14	 5	 9	
  3	 5	 5	 0	
  4	 2	 2	 0	
pN stage				    0.864
  0	 168	 87	 81	
  1	 125	 66	 59	
Vascular invasion				    0.123
  No	 287	 148	 139	
  Yes	 6	 5	 1	
Perineural invasion				    0.025a

  No	 284	 145	 139	
  Yes	 9	 8	 1	

aP<0.05. pN, pathological lymph node stage; pT, pathological tumor stage. FOLR3, folate receptor γ.
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and mechanisms in thyroid cancer remain to be elucidated in 
future studies (44‑47). Currently, most folate receptor‑targeted 
drugs and diagnostic technologies focus on FOLR1. High 

expression level of membrane‑bound FOLR1 is a recognized 
predictor of targeted therapy sensitivity, while soluble FOLR3 
levels may be associated with treatment resistance (45,48). The 

Figure 4. Functional characterization of FOLR3 in thyroid cancer cells in vitro. (A) Protein expression levels of FOLR3 assessed using western blotting and 
(B) semi‑quantification. (C) Relative mRNA relative expression levels of FOLR3 by reverse transcription‑quantitative PCR. (D) CCK‑8 for 0, 24, 48, 72 and 96 h. 
(E) Colony forming ability evaluated using colony formation assay and (F) quantification (magnification, x4). (G) Cell migratory capacity analyzed using a 
wound healing assay and (H) quantification (magnification, x20). (I) Invasive potential determined using Transwell invasion assay and (J) quantification 
(magnification, x10). *P<0.05, **P<0.01, ***P<0.001 and ****P<0.0001. FOLR3, folate receptor γ; CCK‑8, Cell Counting Kit‑8; NC, negative control.

https://www.spandidos-publications.com/10.3892/ol.2026.15459
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present study identified reduced expression levels of FOLR3 in 
thyroid cancer, which appears to specifically reflect malignant 
progression. FOLR3 may influence carcinogenesis through 
the folate metabolism‑signaling axis and modulate local folate 
availability via epigenetic regulation of soluble folate pools. 
Further research could explore ‘metabolic compensation’ strat‑
egies using FOLR3 for aggressive thyroid cancer with poor 
prognosis, highlighting its therapeutic potential. Since FOLR3 
is secreted into the bloodstream, it may serve as a non‑invasive 
biomarker in liquid biopsies. For instance, hypomethylation of 
FOLR3 in the blood of patients with lung cancer suggests its 
utility as an early diagnostic marker (12). 

However, whether FOLR3 can be used for thyroid cancer 
diagnosis via liquid biopsy requires further validation. 
Theoretically, blood‑based FOLR3 levels may be associated 
with tumor burden, metabolic activity or disease stage. While 
FOLR3 alone may not be sufficient for diagnosis, its combina‑
tion with other markers, such as CA‑125, human epididymis 
protein 4 or circulating tumor DNA mutations, could signifi‑
cantly enhance diagnostic accuracy and sensitivity  (49‑51). 
Although the present study provided evidence supporting the 
tumor‑suppressive role of FOLR3 in thyroid cancer, several limi‑
tations should be acknowledged. The clinical samples, despite 
having detailed pathological annotations, were obtained from a 
single center with a limited cohort size (n=293). Validation in a 
larger, multi‑center cohort is warranted to enhance the statistical 
power and generalizability of the association between FOLR3 
expression and clinicopathological characteristics. Furthermore, 
the lack of in vivo validation using animal models, such as 
xenograft or orthotopic models, restricts the comprehensive 
confirmation of its tumor‑suppressive function within a more 
complex physiological context. The present study primarily 
focused on the role of FOLR3 in thyroid cancer itself, while its 
interactions with the tumor immune microenvironment, stromal 
components and other folate metabolism‑related genes have not 
been extensively investigated. In the future, FOLR3 may have 
the potential to serve as a diagnostic biomarker and a novel 
therapeutic target in thyroid cancer; however, further research is 

warranted to explore its clinical applicability in both treatment 
and prognosis assessment. 
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