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Abstract

Papillary thyroid cancer (PTC) exhibits a high propensity for lymph node metastasis (LNM), significantly
impacting postoperative recurrence and patient prognosis. The hypoxic microenvironment critically
drives tumor progression by promoting PTC dedifferentiation. Through integrated bioinformatics
analysis combining weighted gene co-expression network analysis and machine learning approaches on
TCGA data, we identified TPM4 as a key hypoxia-responsive gene in PTC and validated its association
with LNM using GEO datasets. Gene set enrichment analysis demonstrated that patients with high TPM4
expression in both TCGA and GEO databases showed significant enrichment in hypoxia and
epithelial-mesenchymal transition (EMT) pathways. Single-cell pseudotime analysis revealed concurrent
increases in hypoxia pathway enrichment, TPM4 expression, and EMT pathway activation during cell
differentiation. Experimental validation using RT-qPCR and Western blot analyses confirmed that
hypoxia-induced TPM4 upregulation activated EMT signaling. Functional assays demonstrated that TPM4
enhanced cellular invasion and migration capabilities. Our findings illuminate a novel mechanism whereby
the hypoxic tumor microenvironment promotes lymph node metastasis in PTC through TPM4-mediated
activation of EMT signaling, providing new insights into LNM of PTC.
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Introduction

Thyroid cancer (TC) incidence has increased
globally in recent years[1], with papillary thyroid
carcinoma (PTC) representing over 90% of
differentiated thyroid cancer (DTC) cases. While PTC
frequently presents with early lymph node metastasis
(LNM), there remains a lack of specific diagnostic
markers[2]. Despite advances in preoperative
screening, occult cervical LNM occurs in up to 51% of
PTC patients without apparent LNM[3]. Furthermore,

the number of lateral cervical LNM correlates with
local recurrence rates, even though PTC generally has
a favorable prognosis[4]. Therefore, identifying novel
biomarkers for accurate LNM prediction is crucial for
improving patient stratification and personalizing
treatment strategies.

Differentiated thyroid cancer frequently exhibits
downregulation or loss of iodine metabolism-related
genes, leading to dedifferentiation, accelerated tumor
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growth, increased LNM propensity, reduced 3]
uptake, and poor prognosis[5, 6]. This dedifferenti-
ation process involves multiple pathways, including
gene mutations, epigenetic modifications, autophagy,
and tumor microenvironment alterations[5, 7, 8]. For
instance, hypoxia-inducible factor 1a modulates NIS
localization through p-catenin, inhibiting iodine
uptake in thyroid cancer cells[9, 10]. Additionally,
clinical studies have demonstrated that autophagy
activity correlates with thyroid cancer differentiation,
with reduced autophagy potentially contributing to
TC dedifferentiation and 3] treatment resistance[11,
12]. These findings collectively underscore the critical
roles of hypoxia and autophagy in driving PTC
dedifferentiation.

The progression from differentiated to
dedifferentiated states in thyroid cancer often
involves Epithelial-Mesenchymal Transition (EMT), a
crucial process in tumor initiation, progression,
metastasis, and drug resistance. Multiple signaling
pathways, including TGF- and Notch, serve as key
regulators of EMT[13, 14], and their inhibition has
shown promise in preventing tumor metastasis and
recurrence. In this context, understanding the
molecular mechanisms driving EMT becomes essen-
tial for developing targeted therapeutic strategies.
Tropomyosin 4 (TPM4), a non-muscle tropomyosin
essential for cytoskeletal maintenance[15], has
garnered  increasing  attention due to its
overexpression in various malignancies[16-18]. Given
that cell migration depends on coordinated actin
cytoskeleton organization[19], understanding TPM4
expression in PTC with LNM may provide valuable
insights into metastatic mechanisms.

To address the critical knowledge gap regarding
the molecular mechanisms of PTC progression and
metastasis, we investigated the relationship between
hypoxia, autophagy, and TPM4 expression by
developing hypoxia and autophagy phenotype scores.
Our study represents the first comprehensive analysis
of TPM4 role in TC, particularly in the context of
LNM. Using an integrated approach combining
TCGA and GEO databases with single-cell sequencing
analysis and experimental validation, we aimed to
elucidate the potential of TPM4 as a novel biomarker
for PTC progression and metastasis. This work not
only advances our understanding of the molecular
mechanisms underlying thyroid cancer progression

but also provides new insights for potential
therapeutic strategies.
Materials and methods
Dataset collection
We compiled a comprehensive dataset

comprising 497 papillary thyroid carcinoma (PTC)
cases from The Cancer Genome Atlas (TCGA)
database (https:/ / portal.gdc.cancer.gov/) for
primary analysis. This dataset excludes 7 cases with
pathology-confirmed non-PTC diagnoses and 8
metastatic samples. For validation, we integrated 112
PTC cases from five independent Gene Expression
Omnibus (GEO) datasets (http://www.ncbi.nlm.nih.
gov/geo). The merged GEO cohort consisted of
samples from five studies: GSE129562 (8 cases),
GSE153659 (24 cases), GSE29625 (20 cases), GSE33630
(27 cases), and GSE60542 (33 cases). Notably, we
excluded 22 radiation-exposed cases from the
GSE33630 dataset. Raw GEO data underwent
preprocessing and normalization using the R
packages 'sva' and 'limma'. We obtained TCGA
RNA-seq data for PTC cases with comprehensive
clinical annotations, with all GEO datasets providing
detailed LNM information.

Single sample gene set enrichment analysis
(ssGSEA)

We extracted 81 hypoxia-related genes from the
HARRIS_HYPOXIA gene set and 158 autophagy-
related genes from the REACTOME_AUTOPHAGY
gene set in the GSEA database (https://www.gsea-
msigdb.org/gsea/index.jsp) (Table S1). ssGSEA was
performed across all samples to calculate hypoxia and
autophagy phenotype scores for each specimen (Table
S2)[20].

Weighted gene co-expression network analysis
(WGCNA)

Based on ssGSEA scoring results[21], we
categorized TCGA-THCA samples into hypoxia and
autophagy phenotypes to establish module-trait
relationships. Using the 'WGCNA' R package, we
identified modules most strongly associated with the
hypoxia phenotype. The module exhibiting the
strongest correlation with hypoxia was designated as
the key module associated with thyroid cancer
dedifferentiation. We defined gene significance (GS)
as the correlation between gene expression and
individual traits, while module membership (MM)
represented the correlation between gene expression
and module eigengenes. Hub genes within the key
module were identified using the criteria of GS > 0.2
and MM > 0.8.

Least absolute shrinkage and selection
operator (LASSO) regression analysis

We performed LASSO regression analysis using
the 'glmnet' R package to identify target genes[22].
The optimal lambda value was selected to minimize
cross-validation error.

https://lwww.jcancer.org



Journal of Cancer 2025, Vol. 16

3218

Functional enrichment analysis

We conducted comprehensive functional
enrichment analysis of the identified hub genes using
the 'clusterProfiler' R package[23, 24]. The analysis
included Gene Ontology (GO) terms—-covering
biological process (BP), molecular function (MF), and
cellular component (CC)—as well as Kyoto
Encyclopedia of Genes and Genomes (KEGG)
pathways. Additionally, Gene Set Variation Analysis
(GSVA) was employed to assess signaling pathway
differences among patients[25]. Enrichment results
were considered significant at FDR g-val < 0.05.

Screening of key genes based on multiple
machine learning (ML) methods

We implemented a multi-model machine
learning approach to identify key genes associated
with hypoxia in PTC. This approach incorporated
four distinct algorithms: extreme gradient boosting
(XGB), random forest (RF), generalized linear model
(GLM), and support vector machine (SVM)[26-29].
The 'DALEX' R package was utilized to illustrate the
distribution of model residuals across the four ML
methods. Model performance was evaluated using
the 'DALEX' R package to visualize residual
distributions across all four methods. Additionally,
we assessed model discrimination using Receiver
Operating Characteristic (ROC) curve analysis and
Area Under the Curve (AUC) calculations via the
'PROC' R package. The root mean square error
(RMSE) loss after permutations is used to assess
feature importance. The greater the increase in RMSE
loss after permuting a feature, the greater its impact
on the model, indicating that the feature is more
important. Key genes were determined by identifying
the overlap among the top five genes from each
machine learning model.

Application of HPA and GEPIA online
databases

We utilized the Human Protein Atlas (HPA,
https:/ /www.proteinatlas.org/) to examine the
immunohistochemical staining patterns of target
genes in normal thyroid and PTC tissue. The Gene
Expression Profiling Interactive Analysis 2 (GEPIA 2,
http:/ / gepia2.cancer-pku.cn/) platform was
employed to analyze correlations between target
genes and the hallmark hypoxia gene set.

Gene set enrichment analysis (GSEA)

To investigate biological functions associated
with elevated TPM4 expression, we performed GSEA
comparing high- and low-TPM4 expression groups in
both TCGA-THCA and merged GEO cohorts.
Analysis was conducted using GSEA software

(version 4.2.3) with the h.all.v2024.1.Hs.symbols.gmt
gene set. Results were considered statistically
significant at p < 0.05.

Single-cell RNA sequencing analysis

We analyzed single-cell RNA sequencing
(scRNA-seq) data from PTC with LNM, partially
sourced from the GEO database (accession number:
GSE184362). The dataset comprised nine samples
from four patients (P02, P03, P05, P10), including
matched primary tumors and metastatic lymph
nodes, plus one adjacent normal tissue sample (P03).
These were subsequently redesignated as P01-P04.

Quality control was performed using the 'Seurat'
R package. We excluded cells that met any of the
following criteria: detected genes < 200 or > 2,500,
total unique molecular identifiers (UMI) < 500, or
mitochondrial gene expression > 10%. Doublet cells
were identified through the intersection of results
from both Scrublet and DoubletFinder algorithms and
subsequently removed. Copy number variations
(CNVs) in epithelial cells were computed from the
scRNA-seq data using the 'infercnv' R package[30].

Cluster-specific marker genes were identified
using the FindAllMarkers function, while differential
gene expression analysis was conducted using the
FindMarkers function. Cell lineage annotation was
performed by integrating results from the 'SingleR' R
package and the Annotation of Cell Types (ACT,
http:/ /xteam.xbio.top/ ACT) database. Data
visualization was performed using both t-Distributed
Stochastic Neighbor Embedding (tSNE) and Uniform
Manifold Approximation and Projection (UMAP)
algorithms. Differentially expressed genes (DEGs)
were filtered using thresholds of adjusted p-value <
0.01 and |[log2FC| > 0.585. Cell differentiation
trajectories were constructed and visualized using the
'monocle' R package[31].

Cell line culture

Human embryonic kidney 293T (HEK-293T)
cells and the PTC-derived cell line K1 were main-
tained in high-glucose Dulbecco's modified Eagle
medium (H-DMEM, Bdbio, China) supplemented
with 10% fetal bovine serum (FBS, Bdbio, China) and
1% penicillin/streptomycin. The PTC-derived TPC-1
cell line was cultured in Roswell Park Memorial
Institute-1640 (RPMI-1640, Bdbio, China) with
identical supplements. All cells were maintained at
37°C in a humidified atmosphere containing 5% CO2.

Chemical hypoxia induction

Chemical hypoxia was induced using cobalt
chloride (CoCly, Sigma-Aldrich), which stabilizes
HIF-la by preventing its degradation[32]. K1 and
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TPC-1 cells were cultured to approximately 80%
confluence Dbefore treatment with CoCl, at
concentrations of 0.1, 0.2, or 0.4 mM for 24 hours.

Lentiviral construction and cell transfection

TPM4-targeting shRNAs and overexpression
plasmid (oe-TPM4) were designed and synthesized
by Synbio Technologies. A non-targeting shRNA
vector (sh-NC) served as the control (pLenti-U6-
CBH-TurboGFP-P2A-Puro-ncshRNA). Sequence
information is provided in Supplementary Table S3.

For lentivirus production, target plasmids were
co-transfected with packaging plasmids (pPAX8 and
pVSVG) into HEK-293T cells using Lipofectamine
3000 (Invitrogen). Viral supernatant was harvested 48
hours post-transfection, cleared by centrifugation
(4,000g, 10 minutes, 4°C), and stored at -80°C. K1 and
TPC-1 cells were seeded at 1.0 x 10° cells per well in
6-well plates and transduced with lentivirus 24 hours
later. Transduced K1 and Transduced TPC-1 cells
underwent puromycin selection after an additional
24-hour incubation.

Real-time quantitative polymerase chain
reaction (RT-qPCR) analysis

Total RNA was extracted using TRIzol reagent
(Vazyme Biotech Co., Ltd, China) and reverse-
transcribed using the RevertAid First Strand cDNA
Synthesis Kit (Vazyme Biotech Co., Ltd, China).
RT-qPCR was performed using SYBR Green Master
Mix (Vazyme Biotech Co., Ltd, China) according to
the manufacturer's protocol. Primer sequences were
listed in Supplementary Table S3.

Wound healing assay

Cells were seeded in 6-well plates (1.0 x 10°
cells/well) and cultured to confluence. After
switching to DMEM containing 1% FBS, a scratch
wound was created using a 10-pL pipette tip. Wound
closure was monitored at 0 and 24 hours. The imaging
for the scratch assay conducted on shTPM4-TPC1 and
shTPM4-K1 cell lines expressing GFP plasmid were
performed using a blue light source with an excitation
wavelength of approximately 488 nm.

Transwell migration assay

Cell migration was assessed using 8-pm pore
transwell chambers (Corning Incorporated, USA).
Cells were trypsinized and resuspended in serum-free
medium, with 4x10* cells seeded in the upper
chamber. The lower chamber contained complete
medium with 10% FBS. After 24-hour incubation,
non-migrated cells were removed, and migrated cells
were fixed with methanol, stained with crystal violet,
and photographed under a microscope.

Western blotting

Protein lysates were prepared using RIPA buffer
containing protease and phosphatase inhibitors.
Proteins were separated by electrophoresis,
transferred to membranes, and blocked before
overnight incubation with primary antibodies at 4°C.
After 2-hour incubation with secondary antibodies at
room temperature, protein bands were visualized
using ECL detection and documented using a
chemiluminescent imaging system.

The primary antibodies used included anti-
TPM4 (Proteintech, China), anti-HIFla (Proteintech,
China), N-cadherin (Proteintech, China), Vimentin
(Proteintech, China), Snail (Proteintech, China), and
B-actin (Proteintech, China).

Clinical specimens and data collection

This study was approved by the Ethical
Committee of Tianjin Medical University General
Hospital (IRB2024-YX-595-01). We collected surgical
specimens and clinical data from 43 PTC patients who
underwent curative resection between January and
February 2025. Inclusion criteria: Patients who
underwent curative resection with pathological
confirmation of PTC after surgery. Exclusion criteria:
Patients who underwent reoperation or had an
incomplete resection. Written informed consent was
obtained from all participants in accordance with the
Declaration of Helsinki.

Statistical analysis

Statistical analyses were performed using R
(version 4.4.1) and GraphPad Prism (version 9.0).
Relationships between variables were evaluated using
Spearman correlation analysis. Continuous variables
were compared using Student's t-test, while
categorical variables were analyzed using chi-square
tests. Statistical significance was defined as p < 0.05.

Results

Identifying of hypoxia and autophagy
phenotype scores in TCGA-THCA dataset

Previous studies had demonstrated that hypoxia
and autophagy play crucial roles in PTC
dedifferentiation, where hypoxia accelerated PTC
dedifferentiation while autophagy served as a
protective factor against it. Figure 1 presents a
schematic illustration of our experimental design and
overall workflow. To investigate the genes promoting
PTC progression, we employed the ssGSEA algorithm
to establish hypoxia and autophagy phenotype scores
using the TCGA-THCA dataset. The heatmap of
thyroid differentiation score (TDS) between these two
phenotypes revealed that the hypoxic phenotype was
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significantly associated with PTC dedifferentiation
(Figure 2A). We then performed WGCNA analysis
incorporating both phenotype scores. The analysis
yielded a correlation coefficient exceeding 0.9 (with a
soft threshold power of 6), indicating robust
correlation suitable for gene module construction
(Figure 2B). Through the dynamic tree cutting
algorithm, we identified 14 distinct modules (Figure
2C), among which the magenta module exhibited the
strongest correlation with the hypoxic phenotype
(IR] =0.56, p = 3 x 10%) (Figure 2D). Subsequently,
hub genes within the magenta module were identified
as  dedifferentiation-related  genes, = showing
significant correlation (cor = 0.68, p = 3.6 x 10%)
(Figure 2E).

Conducting LASSO regression analysis and
gene enrichment analysis

To mitigate potential overfitting of the hub
genes, we implemented LASSO regression analysis to
identify key genes with the strongest predictive
capacity for PTC progression (Figure 3A-B). This
analysis led to the identification of 14 critical genes
from the initial pool of 33 hub genes: SRPX2, FRMDS,
SPON2, FAP, SNAI2, SH3PXD2A, LOXL1, THBS2,
TPM4, PMEPA1, FSTL1, COL5A2, MMP14, and
COL3AL. To elucidate the functional roles of these
genes, we conducted comprehensive GO and KEGG
enrichment analyses. The GO analysis reealed
significant enrichment in multiple biological
processes, with notable emphasis on epithelial cell
migration (BP), cell-substrate junction (CC), and
extracellular matrix structural constituent (MF),
among other pathways (Figure 3C). Furthermore,

KEGG pathway analysis highlighted the cytoskeleton
in muscle cells as the most significantly enriched
pathway (Figure 3D).

Screening key genes related to hypoxia in PTC
through ML algorithms

Given the critical role of the hypoxic
microenvironment in tumor initiation, progression,
and metastasis, we focused on identifying hypoxia-
responsive genes in PTC. Four machine learning
algorithms (GLM, SVM, RF, and XGB) were employed
to prioritize the 14 genes based on their significance as
variable indicators (Figure 4A). Among these, the
GLM model demonstrated superior performance with
the smallest sample residual (Figure 4B-C). The
robustness of all four models was evaluated using
ROC curve analysis, which revealed excellent
predictive capabilities with high AUC values
(AUCcam = 0.967, AUCgr = 0.966, AUCxcs = 0.962,
AUGsym 0.917) (Figure 4D). Through cross-
comparison of the top 5 important genes identified by
each ML algorithm, we identified three key genes
(TPM4, LOXL1, and FSTL1) at their intersection
(Figure 4E). We then generated heatmaps using the
TCGA-THCA dataset to visualize the relationships
between these three key genes and PTC
clinicopathological features (Figure 4F, Figure S1 and
Table 1). Our analysis revealed that TPM4 and LOXL1
exhibited strong associations with lymph node
metastasis and tumor size in PTC. Furthermore, the
expression levels of both TPM4 and LOXL1 showed
significant correlation with the expression patterns of
hypoxia-related gene set (Figure 4G-H).
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External validation using GEO database and
HPA database

To comprehensively evaluate TPM4 and LOXL1
as biomarkers for LNM in PTC, we conducted ROC
analyses using a merged GEO cohort. We integrated
five GEO datasets (GSE129562, GSE153659, GSE29625,
GSE33630, and GSE60542) containing LNM clinical
information, applying batch correction to ensure data
compatibility (Figure 5A-D). The analysis revealed
that TPM4 demonstrated superior diagnostic
performance with an AUC of 0.826, while LOXL1
showed moderate predictive capability with an AUC
of 0.748 (Figure 5E-F). Further investigation of the
merged GEO cohort showed significantly elevated
TPM4 expression in the PTC lymph node-positive
(N1) group compared to the lymph node-negative

(NO) group (p = 0.0347). In contrast, LOXL1
expression showed no statistically significant
difference between these groups (Figure 5G-H). These
findings strongly suggest that TPM4 serves as a
robust predictor for LNM in PTC. Additionally, we
examined protein expression profiles of both markers
using the HPA database, comparing their levels in
normal thyroid and PTC tissues. The analysis
revealed markedly higher protein expression of TPM4
in PTC tissues compared to LOXL1 (Figure 5I-]),
further supporting its potential role as a diagnostic
marker.

Upregulation of TPM4 expression is mediated
by hypoxia and promotes lymph node
metastasis of PTC through EMT

To elucidate the molecular mechanisms by
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which TPM4 promotes LNM in PTC, we performed
GSEA. Our analysis revealed that the high TPM4
expression group exhibited significant enrichment in
both hypoxia and EMT pathways across both GEO
cohorts and TCGA cohort (Figure 6A-F). Notably,
correlation analyses demonstrated a significant
positive association between TPM4 and HIF1A
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Table 1. Comparison of clinicopathological features of PTC
patients between high- and low-TPM4 expression groups in TCGA
dataset.

Clinicopathological Low-TPM4 High-TPM4 »2 p
features group (%) group (%)

Gender 0.8856  0.3467
Male 61 (24.60) 71 (28.51)

Female 187 (75.40) 178 (71.49)

Age (Year) 5.2398  0.0221
<60 182 (73.39) 197 (79.12)

=60 66 (26.61) 52 (20.88)

T 25196 04718
T1 77 (31.05) 66 (26.51)

T2 84 (33.87) 80 (32.13)

T3 77 (31.05) 88 (35.34)

T4 9 (03.63) 14 (05.62)

T unknow 1 (00.40) 1 (00.40)

N 21.5818 3.39e-06
NO 133 (53.63) 140 (56.23)

N1 81 (32.66) 94 (37.75)

N unknow 34 (13.71) 15 (06.02)

M 33909 1

MO 132 (53.23) 146 (58.63)

M1 4 (01.61) 4 (01.61)

M unknow 112 (45.16) 99 (39.76)

Stage 12.6623 0.0268
Stage I 131 (52.82) 150 (60.24)

Stage II 35 (14.11) 16 (06.43)

Stage I1I 57 (22.98) 53 (21.28)

Stage IV 23 (09.27) 30 (12.05)

Stage unknow 2(00.82) 0 (00.00)

Status 0.0688  0.7931
Alive 241 (97.18) 240 (96.39)

Dead 7 (02.82) 9 (03.61)

Overview of single-cell transcriptomic data
from PTC with lymph node metastasis

Having established through bulk RNA
sequencing analysis that hypoxia upregulates TPM4
expression in PTC with LNM, leading to EMT
pathway activation, we sought to validate these
findings at single-cell resolution. We analyzed the
GSE184362 dataset, which comprises single-cell
RNA-seq data from four PTC patients, including
matched primary tumor and metastatic lymph node
samples, along with an adjacent non-tumor sample
enriched in normal thyroid epithelial cells. Following
rigorous quality control and data preprocessing, we
identified 79,269 high-quality cells that clustered into
nine distinct cell lineages. These cellular populations
were visualized using t-SNE dimensionality reduction
(Figure 7A). The distribution of cells across patients
and the relative proportion of each cell lineage were
presented in a comprehensive bar plot (Figure 7B).
Cell lineage-specific marker expression patterns
across all samples were illustrated in a bubble plot
(Figure 7C). To assess pathway activation states, we
performed GSVA to generate pathway enrichment

scores for each patient (Figure 7D). Additionally, we
constructed a heatmap displaying the top two
characteristic markers for each identified cell lineage
(Figure 7E).

Identification of malignant cells and analysis of
differential expression gene between PTC cells

Since PTC originated from thyroid follicular
epithelium, we isolated all epithelial cells based on
our initial clustering and lineage identification. To
distinguish malignant from non-malignant cells, we
inferred chromosome CNVs profiles for each
epithelial cell and performed hierarchical clustering of
these profiles. Importantly, each of the three primary
tumors (P02, P03, and P04) was individually
compared with the normal thyroid sample from P03.
This  analysis  identified 261  presumptive
non-malignant cells in the P03 primary tumor sample
and 135 presumptive malignant cells in the P03
adjacent tumor sample (Figure 8A). Cells exhibiting
whole chromosome deletions and amplifications were
classified as malignant, yielding a total of 16,718
malignant cells for subsequent analyses (Figure 8B).

GSEA analysis revealed enrichment of the
hypoxia pathway in the primary tumor group (Figure
8C). Furthermore, we identified TPM4 as significantly
upregulated in the LNM tumor group (adjusted
p-value = 3.54e-34, |log2FC| = 0.64) (Figure 8D).
These findings suggested that the hypoxic
microenvironment in primary tumors may upregulate
TPM4 expression in PTC cells, potentially facilitating
lymph node metastasis.

We employed pseudotime methods to simulate
the differentiation trajectories of 2,307 thyroid cancer
cells expressing TPM4. This analysis revealed seven
distinct cellular states based on various time points
(Figure 8E). According to the pseudotime sequence
generated by the Monocle2 algorithm, we designated
the branch from state one as the starting point (Figure
8F). Our hypothesis was that cells progressing along
the pseudotime trajectory would exhibit increased
TPM4 expression accompanied by activation of EMT
pathway. Notably, the main trajectory preceding
branch 1 showed significant enrichment in the EMT
signaling pathway, indicating that tumor cells
undergo epithelial-mesenchymal transition during
this progression (Figure 8G) (Table S4). To further
investigate the molecular changes at the terminal
stages, we focused on branch 1 to analyze the
signaling pathways enriched in PTC cells at state 6.
GO enrichment analysis revealed that cells at this
terminal state (state 6) were enriched in multiple
pathways, including cytokine-mediated signaling,
integrin-mediated cell-cell adhesion, regulation of cell
shape, actin cytoskeleton organization, and cellular
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response to hypoxia, among others (Figure 8G) (Table  state 6 undergo additional changes in cytoskeletal
54). These enrichment patterns suggest that following  architecture and cellular morphology, potentially
EMT activation in the main trajectory, cells reaching  accompanied by upregulation of TPM4 expression.
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Progressive evolution of hypoxia and TPM4
expression in PTC cells

To further elucidate the dynamic relationship
between hypoxia, TPM4 expression, and EMT
pathway activation in PTC cells, we employed
pseudotime analysis to model the differentiation
trajectories of relevant markers and pathway
signatures. Our analysis revealed distinctive temporal
patterns as PTC cells progressed along their
differentiation trajectory. The HIF1IA and TPM4
showed  progressive  upregulation, alongside
established mesenchymal markers FN1, ZEB2, and
COL3AL1, while the epithelial marker CDH1 exhibited
a reciprocal downregulation pattern (Figure 9A-F). To
visualize these dynamics comprehensively, we
generated trajectory plots illustrating the evolution of
TPM4 expression alongside hypoxia pathway and
EMT pathway activity during PTC cell differentiation
(Figure 9G-I). Notably, all three parameters—TPM4
expression,  hypoxia  pathway, and EMT
pathway —showed coordinated upregulation as cells
advanced through differentiation states, suggesting a
functional interrelationship between these molecular
features (Figure 9J-L). Further statistical analysis
confirmed this relationship, with comparative
histograms demonstrating significantly elevated
TPM4 expression in the high-HYPOXIA group
relative to the low-HYPOXIA group. Similarly, EMT
pathway activity was markedly enhanced in the
high-TPM4 group compared to the low-TPM4 group.
Correlation analysis revealed a strong positive
association between HIF1A expression and TPM4
levels in PTC cells, further supporting the
interconnected nature of hypoxia response and
TPM4-mediated EMT processe in thyroid cancer
progression.

Hypoxia upregulates TPM4 to promote cell
invasion and migration by regulating EMT in
PTC

To investigate the role of TPM4 in PTC with
LNM, we performed RT-qPCR and Western blot
analyses to examine TPM4 mRNA and protein levels
in clinical samples and thyroid cancer cell lines.
Among 43 clinical PTC samples, TPM4 expression
was significantly higher in the lymph node-positive
(N1) group compared to the lymph node-negative
(NO) group (p < 0.05) (Figure 10A). Chi-square
analysis comparing patients with high and low TPM4
expression in tumor samples demonstrated significant
differences in lymph node metastasis status (N stage)
between the two groups (Table 2). We established
stable TPM4 knockdown in TPC1 and K1 cell lines,
with shTPM4-2 showing the most efficient

knockdown effect (Figure 10B). We then knocked
down TPM4 in K1 and TPC1 cells and measured the
expression of EMT-related markers. The results
showed that TPM4 knockdown effectively reduced
the mRNA expression of EMT-related markers in K1
and TPC1 cells (Figure 10C-D). To explore whether
hypoxia could upregulate TPM4 expression and affect
EMT in PTC cells, we treated cells with CoCl, (50, 100,
and 200 pmol/L) for 24 hours to induce hypoxia and
upregulate HIF1A expression. Western blot analysis
revealed that compared to control cells, TPM4,
N-cadherin, Vimentin, and Snail expression were
elevated in both K1 and TPC1 cells under hypoxic
conditions, indicating that hypoxia can induce TPM4
upregulation and subsequently influence EMT
(Figure 10E-F). The results of wound healing and
transwell assays demonstrated that TPM4 knockdown
effectively inhibited migration and invasion of
thyroid cancer cells (Figures 10G-H). In conclusion,
these findings suggest that the hypoxia-TPM4-EMT
axis may play a crucial role in the biological process of
lymph node metastasis in PTC.

Discussion

PTC exhibits high invasiveness and a significant
propensity for LNM, with statistical data indicating
lymph node recurrence rates reaching up to 74%[33].
Recurrent tumors pose greater therapeutic challenges,
often necessitating reoperation, which carries elevated
surgical risks and potentially compromises patients'
quality of life[34]. Among various risk factors,
intratumoral hypoxia stands out as a crucial driver of
cancer cell metastasis[35, 36]. Therefore, elucidating
the molecular mechanisms underlying
hypoxia-driven metastasis remains imperative. To our
knowledge, this study represents the first
demonstration that hypoxia promotes PTC lymph
node metastasis through TPM4 upregulation.

Bulk-seq technology has emerged as a powerful
tool for investigating gene functions, disease
mechanisms, and biological processes in both medical
research and bioinformatics. Its applications span
both tumor and non-tumor contexts[37, 38]. Single-
cell analysis enables high-resolution identification of
gene expression patterns and dynamic changes at the
cellular level, proving particularly valuable for
understanding cellular responses and transitions
during biological processes. The reliability of
single-cell RNA sequencing in exploring gene-specific
biological characteristics has been extensively
documented[39, 40]. In this study, we integrated these
complementary sequencing approaches to enhance
the robustness and precision of our identification of
LNM-related biomarkers in PTC.
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Figure 10. The hypoxia-TPM4-EMT axis regulates the invasion and migration of PTC cells (A) RT-qPCR quantification of TPM4 mRNA expression levels in clinical

PTC specimens. (B) Western blot validation data of TPM4 knockdown efficiency in TPC1 and K1 cell

lines. (C-D) RT-qPCR analysis of TPM4 and EMT-related marker mRNA

expression across shTPM4-TPCI1 and shTPM4-K1 cell lines. (E) Western blot analysis revealing expression profiles of TPM4 and EMT-related markers in KI and TPC1 cell lines
under hypoxic conditions. (F) Wound healing assay evaluating migration capacity of shTPM4-TPCI and shTPM4-KI1 cell lines. (G) Transwell assays with and without Matrigel
coating to assess invasion and migration capabilities of shTPM4-TPC1 and shTPM4-K1 cell lines, respectively. (* p < 0.05, ** p < 0.01, *** p < 0.001, ** p < 0.0001)
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Table 2. Comparison of clinicopathological features of PTC
patients between high- and low-TPM4 expression groups in clinical
specimens

Clinicopathological Low-TPM4 High-TPM4 %2 p
features group (%) group (%)

Gender 0.0112 0.9156
Male 7 (33.33) 7 (31.82)

Female 14 (66.67) 15 (68.18)

Age (Year) Fisher >0.9999
<60 18 (85.71) 19 (86.36)

260 3(14.29) 3 (13.64)

T 3.1780 0.3649
T1 15 (71.43) 10 (45.45)

T2 3 (14.29) 6(27.27)

T3 1 (04.76) 3 (13.64)

T4 2(09.52) 3 (13.64)

N Fisher 0.0339
NO 9 (42.86) 2(09.09)

N1 13 (57.14) 20 (90.91)

Stage 2.6040 0.2720
Stage I 19 (90.48) 16 (72.73)

Stage II 1 (04.76) 4(18.18)

Stage I1I 1 (04.76) 2(09.09)

Tumor site 1.3920 0.4986
Right lobe 4 (19.05) 7 (31.82)

Left lobe 7 (33.33) 8 (36.36)

Bilateral lobes 10 (47.62) 7 (31.82)

Tumor lesion 1.1330 0.2871
Single lesion 9 (42.86) 13 (59.09)

Multiple lesions 12 (57.14) 9 (40.91)

To identify novel LNM-associated biomarkers in
PTC, we employed a screening strategy based on two
phenotypes linked to thyroid cancer dedifferentiation.
Initial analyses of TCGA RNA-seq data using
WGCNA, LASSO, and ML approaches identified two
candidate genes - TPM4 and LOXL1 - strongly
associated with PTC Ilymph node metastasis.
Subsequent validation across multiple GEO datasets
revealed that only TPM4 showed consistently
elevated expression in the lymph node metastasis
group with statistical significance. Further analysis
using the HPA database demonstrated robust TPM4
expression in PTC tissues, while LOXL1 expression
was negligible. Tropomyosin serves as a key regulator
of actin filaments, influencing stress fiber
organization, lamellipodia and lamellae formation,
and cell migration velocity[41-43]. TPM4, a
tropomyosin protein predominantly expressed in
non-muscle cells, has been documented to show
increased expression across various
malignancies[44-46]. Given the absence of prior
studies examining TPM4 expression and function in
thyroid cancer, we undertook this investigation.

WGCNA analysis revealed TPM4 among the
hub genes in the most significant hypoxia-associated
module, suggesting a strong correlation between
hypoxia and TPM4. GSEA analysis further supported

hypoxia as a potential inducer of TPM4 upregulation,
promoting EMT in PTC. To further elucidate the
interplay = between hypoxia pathway, TPM4
expression, and EMT pathway, we conducted
pseudotime analysis using scRNA-seq data from PTC
cells with LNM. Our results demonstrated that as
tumor cells progress through differentiation, hypoxia
pathway  enrichment coincides with TPM4
upregulation and EMT pathway activation. Moreover,
PTC cells exhibiting high TPM4 expression showed
concurrent elevation in both hypoxia and EMT
pathway signatures. These findings strongly suggest
that the hypoxia-TPM4-EMT axis serves as a critical
driver of PTC with LNM.

Previous research has demonstrated that
elevated TPM4 expression promotes cancer cell
migration and invasion in various malignancies,
including glioma, breast cancer, and lung cancer,
through F-actin stabilization[19, 46, 47]. Harris et al.
demonstrated that HIF-la modulates RIOK3
expression, and RIOK3 depletion reduces
TPM3-F-actin binding, consequently diminishing
F-actin stability and inhibiting breast cancer cell
invasion and migration[19]. While our findings
indicate that the hypoxia pathway upregulates TPM4
expression, we propose that HIF-la, a master
regulator of hypoxic response, may not directly
regulate ~ TPM4. Instead,  HIF-la  might
transcriptionally regulate specific kinases that
influence TPM4-F-actin binding, thereby promoting
tumor cell motility. Further investigation is warranted
to elucidate the precise mechanisms by which HIF-1a
influences TPM4 expression.

Our study made several novel contributions: we
first demonstrated that hypoxia-induced TPM4
upregulation in PTC influences tumor cell invasion
and migration, facilitating lymph node metastasis.
Additionally, we pioneered the investigation of TPM4
role in PTC, supporting our findings through

comprehensive  bioinformatic ~ analyses  and
preliminary experimental validation. However,
certain limitations warrant attention in future

research. First, deeper mechanistic investigation of the
hypoxia-TPM4 axis in tumor cell metastasis is needed.
Second, while our algorithmic approach addressed
batch effects, the limited sample size in our single-cell
analysis suggests that additional samples would be
valuable to minimize the impact of individual
variation on our findings.

Conclusion

Through an integrative multi-omics approach
combining comprehensive bioinformatics analyses of
TCGA and GEO databases at both bulk-seq and
single-cell RNA-seq levels, along with rigorous
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experimental validation, we systematically identified
and validated TPM4 as a key hypoxia-responsive
gene in PTC progression. Our study elucidates a novel
mechanism whereby the hypoxic microenvironment
in papillary thyroid cancer drives TPM4 upregulation,
subsequently  inducing  epithelial-mesenchymal
transition in tumor cells and promoting lymph node
metastasis. These findings provide a potential
biomarker for risk stratification of PTC patients and
offer new insights into the pathogenesis of lymph
node metastasis, potentially serving as a promising
therapeutic target for preventing metastatic
progression in clinical management.

Supplementary Materials

Figure S1: Heatmap depicting FSTL1 expression
patterns and clinicopathological characteristics; Table
S1: HARRIS_HYPOXIA gene set and
REACTOME_AUTOPHAGY gene set; Table S2:
Hypoxia phenotype score and autophagy phenotype
score of each PTC sample in the TCGA-THCA dataset;
Table S3: The qPCR primer sequences of EMT-related
markers and the shTPM4 sequences; Table S4:
Enrichment analysis of differentially expressed genes
in single-cell pseudotime analysis.

https:/ /www jcancer.org/v16p3216sl.zip

Abbreviations

PTC: Papillary thyroid cancer; LNM: Lymph
node metastasis; EMT: Epithelial-mesenchymal
transition; DTC: Differentiated thyroid cancer; TCGA:
The cancer genome atlas; GEO: Gene expression
omnibus; ssGSEA: Single sample gene set enrichment
analysis; WGCNA: Weighted gene co-expression
network analysis; GS: Gene significance; MM: Module
membership; LASSO: Least absolute shrinkage and
selection operator; GO: Gene ontology; BP: Biological
process; MEF: Molecular function; CC: Cellular
component; KEGG: Kyoto encyclopedia of genes and
genomes; GSVA: Gene set variation analysis; ML:
Machine learning; XGB: Extreme gradient boosting;
RF: Random forest; GLM: Generalized linear model;
SVM: Support vector machine; RMSE: Root mean
square error; ROC: Receiver operating characteristic;
AUC: Area under curve; HPA: Human protein atlas;
GEPIA 2: Gene expression profiling interactive
analysis 2; GSEA: Gene set enrichment analysis;
scRNA-seq: Single-cell RNA sequencing; CNVs: Copy
number variations; ACT: Annotation of cell types;
tSNE: T-distributed stochastic neighbor embedding;
Umap: Uniform manifold approximation and
projection; DEGs: Differentially expressed genes;
RT-qPCR: Real-time quantitative polymerase chain
reaction; TDS: Thyroid differentiation score.

Acknowledgements

Funding

This work was supported by National Natural
Science Foundation of China (Grant Nos. 82304025
and 82303857), Tianjin Science and Technology
Foundation (23JCQNJC00930), Tianjin Key Medical
Discipline Construction Project (ZDXK052024004) and
Beijing Health Promotion Association (BJHPA-2022-
JZHXZHQNY]J-LCH-06).

Author contributions

Conceptualization, Z.L. and F.L.; methodology,
XJ.; software, G.P., wvalidation, L.J. and XW,
writing —original draft preparation, Y.L.; writing—
review and editing, RJ. and KZ; project
administration, Y.W. and X.H.; funding acquisition,
Y.L.and Y.T.

Ethics committee approval and patient
consent

The study was conducted in accordance with the
Declaration of Helsinki, and approved by the Ethical
Committee of Tianjin Medical University General
Hospital  (protocol code  IRB2024-YX-595-01).
Informed consent was obtained from all participating
subjects prior to the collection of samples.

Data availability

Datasets related to this article are from TCGA
database (https://portal.gdc.cancer.gov/) and GEO
database  (GSE129562,  GSE153659, GSE29625,
GSE33630, GSE60542, and GSE184362).

Competing Interests

The authors have declared that no competing
interest exists.

References

1. Siegel RL, Miller KD, Fuchs HE, Jemal A. Cancer statistics, 2022. CA Cancer J
Clin. 2022; 72: 7-33.

2. DulL, Zhao Z, Zheng R, Li H, Zhang S, Li R, et al. Epidemiology of Thyroid
Cancer: Incidence and Mortality in China, 2015. Front Oncol. 2020; 10: 1702.

3. Fraser S, Zaidi N, Norlen O, Glover A, Kruijff S, Sywak M, et al. Incidence and
Risk Factors for Occult Level 3 Lymph Node Metastases in Papillary Thyroid
Cancer. Ann Surg Oncol. 2016; 23: 3587-92.

4. Nam SH, Roh JL, Gong G, Cho K], Choi SH, Nam SY, et al. Nodal Factors
Predictive of Recurrence After Thyroidectomy and Neck Dissection for
Papillary Thyroid Carcinoma. Thyroid. 2018; 28: 88-95.

5. Oh]JM, Ahn BC. Molecular mechanisms of radioactive iodine refractoriness in
differentiated thyroid cancer: Impaired sodium iodide symporter (NIS)
expression owing to altered signaling pathway activity and intracellular
localization of NIS. Theranostics. 2021; 11: 6251-77.

6.  Yun]JY, Kim YA, Choe JY, Min H, Lee KS, Jung Y, et al. Expression of cancer
stem cell markers is more frequent in anaplastic thyroid carcinoma compared
to papillary thyroid carcinoma and is related to adverse clinical outcome. J
Clin Pathol. 2014; 67: 125-33.

7. YuPQN, ZhuR, Hu J, Han P, Wu J, Tan L, Gan H, He C, Fang C, Lei Y, Li ],
He C, Lan F, Shi X, Wei W, Wang Y, Ji Q, Yu FX, Wang YL. TERT accelerates
BRAF mutant-induced thyroid cancer dedifferentiation and progression by
regulating ribosome biogenesis. Sci Adv. 2023; 9: eadg7125.

8. WangY,Song W, LiY, Liu Z, Zhao K, Jia L, et al. Integrated analysis of tumor
microenvironment features to establish a diagnostic model for papillary

https://lwww.jcancer.org



Journal of Cancer 2025, Vol. 16

3234

10.

11

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.
28.

29.

30.

31

32.

33.

34,

35.

36.

37.

thyroid cancer using bulk and single-cell RNA sequencing technology. ]
Cancer Res Clin Oncol. 2023; 149: 16837-50.

Lan. L, Deng. W, Chen. H, Huo. L, Deng. L, Zhang. G, et al. Nuclear
translocation of -catenin represses membrane localization of NIS in human
thyroid cancer cells. Zhonghua Yi Xue Za Zhi. 2016; 22: 891-6.

Song H, Qiu Z, Wang Y, Xi C, Zhang G, Sun Z, et al. HIF-lalpha/YAP
Signaling Rewrites Glucose/Iodine Metabolism Program to Promote Papillary
Thyroid Cancer Progression. Int J Biol Sci. 2023; 19: 225-41.

Netea-Maier RT, Kluck V, Plantinga TS, Smit JW. Autophagy in thyroid
cancer: present knowledge and future perspectives. Front Endocrinol
(Lausanne). 2015; 6: 22.

Plantinga TS, Tesselaar MH, Morreau H, Corssmit EP, Willemsen BK, Kusters
B, et al. Autophagy activity is associated with membranous sodium iodide
symporter expression and clinical response to radioiodine therapy in
non-medullary thyroid cancer. Autophagy. 2016; 12: 1195-205.

Yang X, Bai Q, Chen W, Liang J, Wang F, Gu W, et al. m(6) A-Dependent
Modulation via IGF2BP3/MCMS5/Notch Axis Promotes Partial EMT and
LUAD Metastasis. Adv Sci (Weinh). 2023; 10: €2206744.

Li Y, Wu J, Tian Y, Zhu Q, Ge Y, Yu H, et al. MED1 Downregulation
Contributes to TGFbeta-Induced Metastasis by Inhibiting SMAD2
Ubiquitination Degradation in Cutaneous Melanoma. ] Invest Dermatol. 2022;
142: 2228-37 e4.

Gunning PW, Hardeman EC, Lappalainen P, Mulvihill DP. Tropomyosin -
master regulator of actin filament function in the cytoskeleton. J Cell Sci. 2015;
128: 2965-74.

Guo Q, Zhao L, Yan N, Li Y, Guo C, Dang S, et al. Integrated pan-cancer
analysis and experimental verification of the roles of tropomyosin 4 in gastric
cancer. Front Immunol. 2023; 14: 1148056.

Caporali S, Calabrese C, Minieri M, Pieri M, Tarantino U, Marini M, et al. The
miR-133a, TPM4 and TAp63gamma Role in Myocyte Differentiation
Microfilament Remodelling and Colon Cancer Progression. Int ] Mol Sci. 2021;
22:9818.

Zhao X, Jiang M, Teng Y, Li J, Li Z, Hao W, et al. Cytoplasmic Localization
Isoform of Cyclin Y Enhanced the Metastatic Ability of Lung Cancer via
Regulating Tropomyosin 4. Front Cell Dev Biol. 2021; 9: 684819.

Singleton DC, Rouhi P, Zois CE, Haider S, Li JL, Kessler BM, et al. Hypoxic
regulation of RIOK3 is a major mechanism for cancer cell invasion and
metastasis. Oncogene. 2015; 34: 4713-22.

Le T, Aronow RA, Kirshtein A, Shahriyari L. A review of digital cytometry
methods: estimating the relative abundance of cell types in a bulk of cells. Brief
Bioinform. 2021; 22: bbaa219.

Yu H, Du X, Zhao Q, Yin C, Song W. Weighted gene Co-expression network
analysis (WGCNA) reveals a set of hub genes related to chlorophyll
metabolism  process in  chlorella  (Chlorella  vulgaris) response
androstenedione. Environ Pollut. 2022; 306: 119360.

Xiang ZJ, Wang Y, Ramadge PJ. Screening Tests for Lasso Problems. IEEE
Trans Pattern Anal Mach Intell. 2017; 39: 1008-27.

M. K, S. G. KEGG kyoto encyclopedia of genes and genomes. Nucleic Acids
Res. 2000; 28: 27-30.

Peng J, Wang H, Lu J, Hui W, Wang Y, Shang X. Identifying term relations
cross different gene ontology categories. BMC Bioinformatics. 2017; 18: 573.
Hinzelmann S CR, Guinney ]. . GSVA: gene set variation analysis for
microarray and RNA-seq data. BMC Bioinformatics. 2013; 14: 84-98.

Chen T HT, Benesty M, Khotilovich V, Tang Y, Cho H. Xgboost- extreme
gradient boosting. The annals of statistics. 2015; 1: 1-4.

JA. N, RWM. W. Generalized Linear Models. ] R Stat Soc. 1972; 135: 370-84.
Gold C, Sollich P. Model selection for support vector machine classification.
Neurocomputing. 2003; 55: 221-49.

SJ. R, forest. R. Random Forest. ] Insur Med. 2017; 47: 31-9.

Patel AP, Tirosh I, Trombetta JJ, Shalek AK, Gillespie SM, Wakimoto H, et al.
Single-cell RNA-seq highlights intratumoral heterogeneity in primary
glioblastoma. Science. 2014; 344: 1396-401.

Qiu X, Hill A, Packer J, Lin D, Ma YA, Trapnell C. Single-cell mRNA
quantification and differential analysis with Census. Nat Methods. 2017; 14:
309-15.

Chandel NS, Maltepe E, Goldwasser E, Mathieu CE, Simon MC, Schumacker
PT. Mitochondrial reactive oxygen species trigger hypoxia-induced
transcription. Proc Natl Acad Sci U S A. 1998; 95: 11715-20.

Zhang H. Treatment strategy for postoperative recurrence of differentiated
thyroid cancer. Chinese Journal of Operative Procedures of General Surgery
(Electronic Edition). 2016; 10: 373-5.

Haugen BR, Alexander EK, Bible KC, Doherty GM, Mandel SJ, Nikiforov YE,
et al. 2015 American Thyroid Association Management Guidelines for Adult
Patients with Thyroid Nodules and Differentiated Thyroid Cancer: The
American Thyroid Association Guidelines Task Force on Thyroid Nodules
and Differentiated Thyroid Cancer. Thyroid. 2016; 26: 1-133.

Wang T, Gilkes DM, Takano N, Xiang L, Luo W, Bishop CJ, et al
Hypoxia-inducible factors and RAB22A mediate formation of microvesicles
that stimulate breast cancer invasion and metastasis. Proc Natl Acad Sci US A.
2014; 111: E3234-42.

Wang R, Godet I, Yang Y, Salman S, Lu H, Lyu Y, et al. Hypoxia-inducible
factor-dependent ADAM12 expression mediates breast cancer invasion and
metastasis. Proc Natl Acad Sci U S A. 2021; 118: €2020490118.

Zhao H, Zhou X, Wang G, Yu Y, Li Y, Chen Z, et al. Integrating Bulk and
Single-cell RNA-seq to Construct a Macrophage-related Prognostic Model for

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

Prognostic Stratification in Triple-negative Breast Cancer. ] Cancer. 2024; 15:
6002-15.

Li Y, Li L, Tian Y, Luo ], Huang J, Zhang L, et al. Identification of novel
immune subtypes and potential hub genes of patients with psoriasis. ] Transl
Med. 2023; 21: 182.

Lim B, Lin Y, Navin N. Advancing Cancer Research and Medicine with
Single-Cell Genomics. Cancer Cell. 2020; 37: 456-70.

Wang G, Shi C, He L, Li Y, Song W, Chen Z, et al. Identification of the tumor
metastasis-related tumor subgroups overexpressed NENF in triple-negative
breast cancer by single-cell transcriptomics. Cancer Cell Int. 2024; 24: 319.
Ponti A MM, Gupton SL, Waterman-Storer CM, Danuser G. Two distinct actin
networks drive the protrusion of migrating cells. Science. 2004; 305: 1782-6.
Insall RH, Machesky LM. Actin dynamics at the leading edge: from simple
machinery to complex networks. Dev Cell. 2009; 17: 310-22.

Gupton SL, Anderson KL, Kole TP, Fischer RS, Ponti A, Hitchcock-DeGregori
SE, et al. Cell migration without a lamellipodium: translation of actin
dynamics into cell movement mediated by tropomyosin. J Cell Biol. 2005; 168:
619-31.

Faria PCB, Carneiro AP, Binato R, Nascimento R, Santos PS, Fagundes D, et al.
Upregulation of tropomyosin alpha-4 chain in patients' saliva with oral
squamous cell carcinoma as demonstrated by Phage display. Sci Rep. 2019; 9:
18399.

Tang H-Y, Beer LA, Tanyi JL, Zhang R, Liu Q, Speicher DW. Protein
isoform-specific validation defines multiple chloride intracellular channel and
tropomyosin isoforms as serological biomarkers of ovarian cancer. Journal of
Proteomics. 2013; 89: 165-78.

Wang J, Yang Y, Du B. Clinical Characterization and Prognostic Value of
TPM4 and Its Correlation with Epithelial-Mesenchymal Transition in Glioma.
Brain Sci. 2022; 12: 1120.

Zhao X, Jiang M, Wang Z. TPM4 promotes cell migration by modulating
F-actin formation in lung cancer. Onco Targets Ther. 2019; 12: 4055-63.

https://lwww.jcancer.org



