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Abstract

Papillary thyroid carcinoma (PTC) is one of the most common endocrine malignancies, with varying levels of
risk and clinical behavior. A better understanding of the molecular characteristics could improve molecular
diagnosis and risk assessment. In this study, we performed whole transcriptomic sequencing on 113 PTC
cases, including 70 high-risk and 43 low-risk Chinese patients. Comparative transcriptional profiling analysis
revealed two functionally distinct patterns of gene dysregulation between the risk subtypes. Low-risk PTCs
showed significant upregulation of immune-related genes and increased immune cell infiltration, whereas
high-risk PTCs presented extensive alterations in gene expression and activation of oncogenic signaling
pathways. Additionally, we developed a 31-gene transcriptomic signature (PTCrisk) for differentiating high-
risk from low-risk PTCs, which was validated across both in-house and external multicenter cohorts. PTCrisk
scores were positively correlated with key clinicopathological features, including tumor size, lymph node
metastasis, TNM stage, and BRAF mutation status. Overall, our study provides further molecular insights into
PTC risk stratification and may contribute to the development of personalized therapeutic strategies for

PTC patients.
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Introduction

Thyroid cancer is one of the most prevalent endocrine
malignancies, with an increasing incidence worldwide
over the past few decades [1]. According to the
International Agency for Research on Cancer, thyroid
cancer accounted for 3-4% of all cancer cases, making
it the ninth most common cancer globally in 2020 [2].
The World Health Organization (WHO) classifies thy-
roid cancer into four main histological subtypes: papil-
lary (PTC), follicular, poorly differentiated, and
anaplastic thyroid cancers, with PTC accounting for
approximately 85% of cases [3]. PTC is generally

characterized as an indolent tumor with slow
progression [4]. Postoperative interventions, such as
surgery or radioactive iodine treatment, can yield a
5-year survival rate exceeding 90% for most PTC
patients [5]. However, a subset of patients remains at
high risk for metastasis and recurrence, with cervical
lymph node metastasis rates ranging from 60% to
70% [6]. High-grade differentiated thyroid carcinoma
(DTC) is a distinct subset of differentiated thyroid can-
cers with more aggressive clinical behavior. Despite
retaining some differentiation features, high-grade
DTC is marked by increased mitotic activity, necrosis,
and vascular invasion, contributing to higher rates of
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recurrence and metastasis and poorer outcomes [7,8].
Therefore, it is of utmost importance to further investi-
gate the molecular characteristics of PTC with differ-
ent risk behaviors and to tailor individualized
treatment strategies.

Over the last decade, a thyroid classification system
has been progressively established to estimate the likeli-
hood of ongoing thyroid cancer after initial treatment,
focusing on the risk of recurrence [9]. Clinically, the
initial diagnosis of thyroid lesions is achieved through a
comprehensive clinical evaluation and various imaging
techniques [10]. The preliminary assessment should be
the basis for the decision on the appropriate first-line
treatment, such as lobectomy, total thyroidectomy, or
active surveillance [11]. In 2015, the American Thyroid
Association introduced a three-level clinicopathological
risk stratification system for customized thyroid care,
categorizing PTC patients into low-, intermediate-, and
high-risk groups for recurrence [12]. Despite these strat-
ifications, distinguishing high-risk from low-risk PTC
patients based solely on postoperative pathological
reports remains challenging.

In this study, we aimed to comprehensively explore
the molecular and immunological features of PTC by
analyzing the transcriptomic profiles of high- and low-
risk patients. We identified potential diagnostic and
prognostic biomarkers for PTC risk stratification
and validated them in independent cohorts to confirm
the robustness of our findings.

Table 1. Clinical characteristics of PTC patients enrolled in this study

C Yan, C Zheng et al

Materials and methods

Patients and samples

A total of 113 PTC patients who underwent radical
thyroidectomy were retrospectively collected in the
First Affiliated Hospital of Wenzhou Medical
University (WMU) from 2019 to 2020. The 113 PTC
patients were allocated to two cohorts according to a
7:3 ratio: the WMU-1 cohort (n = 80) for discovery
and the WMU-2 cohort (n = 33) for validation. The
pathological results of all tissues were confirmed by
two expert pathologists. Surgically removed thyroid
tissue was immediately and rapidly frozen in liquid
nitrogen and then stored at —80°C for subsequent
RNA extraction. In addition, none of the enrolled
patients received preoperative treatment such as preop-
erative chemotherapy or radiation therapy. The
detailed clinical information for the patients is shown
in Table 1. This study was approved by the Ethics
Committee of the First Affiliated Hospital of Wenzhou
Medical University (YS2022-472). Written informed
consent was obtained from all the patients before
enrollment.

Assessment of PTC risk

The criteria for categorizing patients into the high-risk
group for thyroid cancer were as follows: (1) the pres-
ence of tumor metastases in both central and lateral

WMU-1 cohort WMU-2 cohort
Characteristics High risk (N = 49) Low risk (N = 31) p High risk (N = 21) Low risk (N = 12) p
Age, median (range) 45.00 (33.00-54.00) 44.00 (36.00-52.00) 0.969* 46.00 (32.00-54.00) 48.00 (34.00-58.50) 0.631*
Gender 0.008" <0.001*
Male 20 4 17 0
Female 29 27 4 12
Tumor size (mm) 0.006" 0.042"
>20 16 2 8 0
<20 33 29 13 12
Multi-nodularity 0.073" 0.866"
Yes 26 22 12 8
No 23 9 9 4
Lymph-node metastasis <0.001" <0.001"
CLNM 48 0 21 0
LLNM 0 0 0 0
No 1 31 0 12
BRAF status 0.055" 0.851"
Positive 32 20 15 7
Negative 4 3 2 1
NA 13 8 4 4

CLNM, central lymph node metastasis; LLNM, lateral lymph node metastasis.
*Mann-Whitney U test.
2 test.
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cervical lymph nodes, with a metastatic rate exceeding
50%; (2) the presence of five or more metastatic
lymph nodes in the central compartment; (3) tumor
size of 4 cm or larger, accompanied by a lymph node
metastatic rate exceeding 50%; (4) extrathyroidal glan-
dular invasion by the tumor; (5) patients with aggres-
sive histological tumor subtypes; (6) patients with
distant metastases; and (7) patients undergoing postop-
erative I'*! therapy. Conversely, the definition criteria
for the low-risk group in thyroid cancer were delin-
eated as follows: (1) at least seven central lymph
nodes removed, with none showing metastatic involve-
ment; (2) the total number of lymph nodes excised
from both central and lateral neck compartments was
at least 10, with at least two nodes from each compart-
ment, and no metastasis detected in any node;
(3) tumor diameters were equal to or smaller than
2 cm; (4) there was no evidence of capsular or
extrathyroidal glandular invasion; (5) absence of
distant metastases or lymph node recurrence; and
(6) post-total thyroidectomy, patients should not
exhibit sustained elevations in thyroglobulin levels.

Library construction and whole transcriptome
sequencing

The RNA libraries were prepared using the NEB
Next® Ultra™ II DNA Library Prep Kit (Illumina,
Inc., San Diego, CA, USA) in conjunction with the
high-throughput MGI SP-960 sample prep system
according to the manufacturer’s protocols. Ribosomal
RNA (rRNA) was effectively removed from the sam-
ples using the Epicentre® Ribo-zero rRNA Removal
Kit (Epicentre, Illumina) following the manufacturer’s
recommendations. The RNA samples were then pre-
pared for downstream processing by ligating 3’- and
5'-adapters, followed by reverse transcription utilizing
an RT primer, which introduced sample-specific
barcodes for identification purposes.

The resultant cDNA fragments, targeted to span 370—
420 bp, were size-selected and purified using AMPure
Beads XP (Beckman Coulter, Indianapolis, IN, USA).
The purified PCR products, diluted to 1.5 ng/pL, were
then assessed for size using the Agilent 2100
Bioanalyzer (Agilent Technologies, Santa Clara, CA,
USA), and their concentrations were determined with
the Qubit 2.0 Fluorometer (Thermo Fisher Scientific,
Waltham, MA, USA). Only RNA samples fulfilling the
stringent criteria (RNA > 1.0 pg, concentration > 50 ng/
pL, and OD260/280 > 1.8) proceeded to data analysis.

After the library was confirmed, sequencing was
conducted on the Illumina NovaSeq 6000 platform,
generating paired-end reads of 150 bp. Data quality
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control involved converting high-throughput sequencer
image data into sequence data (Reads) through
CASAVA base calling. Initial processing of the raw
fastq format data utilized in-house Perl scripts to
remove adapter sequences, N bases, and low-quality
reads, producing clean data (clean reads). Q20, Q30,
and GC content were also computed. The sequencing
data for each sample was expected to comprise at least
50 million reads with a raw data size of 215G, with
quality thresholds of Q20 >90% and Q30 >85%.
Additionally, the sequencing output for each sample
should not deviate by more than 2% from the average
data yield across all samples.

Gene and transcript annotations

All whole transcriptome analyses conducted in this
study utilized the human genome hg38 reference
assembly. The results were extensively annotated to
include known gene and transcript identifiers and their
genomic locations wherever possible. Upon comple-
tion of transcript assembly, gene symbols were sys-
tematically assigned Ensembl IDs, predicated on their
locational concordance with established transcripts,
with a required minimum overlap threshold of 90%. In
cases where overlapping failed, custom and unique
IDs were employed to assign gene symbols during the
transcript assembly process. The gene and transcript
assignments were based on the Ensembl GRCh38
annotations available in both core and funcgene data-
bases, version 104.

Public patient and transcriptome data

An additional 611 PTC samples and the corresponding
clinical and transcriptomic data were retrieved from The
Cancer Genome Atlas (TCGA; https://xenabrowser.net/)
and the Gene Expression Omnibus (GEO; https://www.
ncbi.nlm.nih.gov/geo), including 495 samples from
TCGA, 65 samples from GSE35570, and 51 samples
from GSE27155 [13,14]. Raw microarray data were
normalized using the robust multiarray average method
with R package ‘affy’ [15].

Biomarker identification and model development
for risk stratification

To remove uninformative variables, variables with a
coefficient of variation lower than 0.2 and constant or
almost constant value were removed using the function
nearZeroVar in the R package ‘caret’ [16]. To identify
risk-associated biomarkers, differential expression
analysis was performed between low- and high-risk
samples using R package ‘DESeq2’ and p values were
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adjusted using the false discovery rate (FDR) method
[17]. Those mRNAs with FDR below 0.05 were desig-
nated as differentially expressed genes (DEGs). From
the DEG pool, least absolute shrinkage and selection
operator (LASSO) regression was performed to refine
the set of predictive features.

A risk predictive model was constructed utilizing
the random forest algorithm with a 10-fold cross-
validation procedure to accurately differentiate
between low- and high-risk patients with PTC. The
model assigns risk scores between 0 and
1, representing the estimated risk probability for each
patient. A threshold of 0.5 was established, with scores
above this threshold indicating a high risk of PTC and
scores below it indicating a low risk.

Functional analysis

Gene ontology (GO) enrichment analysis was
conducted to elucidate the biological processes of
interested gene sets, using the Cytoscape software inte-
grated with the ClueGO plugin for visualization
[18,19]. The semantic similarity of GO terms between
GO terms was quantified and represented graphically
through the R package ‘simplifyEnrichment’ [20].
Kyoto Encyclopedia of Genes and Genomes (KEGG)
enrichment analysis was performed to identify signifi-
cantly enriched pathways using the R package
‘clusterProfiler’ [21].

The 29 functional gene expression signatures (Fges)
and hallmark gene sets were obtained from the study by
Newell et al and the Molecular Signatures Database,
respectively [22,23]. The enrichment scores of hallmark
gene sets and Fges were calculated for each sample via
single-sample Gene Set Enrichment Analysis (ssGSEA)
using the ‘GSVA’ R package [24-26]. The state of
anti-cancer immunity across the seven-step cancer-
immunity cycle was analyzed via Tracking Tumor
Immunophenotype (http://biocc.hrbmu.edu.cn/TIP/).

Statistical analysis

Statistical differences between the two groups of con-
tinuous variables or categorical variables were deter-
mined using the Mann—Whitney U test or Fisher’s
exact test, respectively. Diagnostic performance was
assessed using the receiver operating characteristic
(ROC) curves and area under the curve (AUC) with
R package ‘pROC’. Survival differences between
groups were evaluated using the Kaplan—Meier
method complemented by the log-rank test. The effects
of candidate genes on patient survival were examined
by the univariate Cox proportional hazards regression
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model. The performance of prognostic biomarkers is
evaluated using the time-dependent ROC curves and
AUCs with the ‘timeROC’ R package. All statistical
analyses were conducted in R version 4.0.

Results

Study populations and patient characteristics

All 113 PTC patients were divided into two distinct
cohorts: the first, referred to as the WMU-1 cohort,
consisted of 31 low-risk and 49 high-risk patients, and
the second, named the WMU-2 cohort, comprised
12 low-risk and 21 high-risk individuals (Figure 1A).
The clinical characteristics of the participants are sum-
marized in Table 1. In the WMU-1 cohort, the median
ages for the high-risk and low-risk groups were
45 years (range: 33-54 years) and 44 years (range:
36-52 years), respectively, indicating no statistically
significant difference (p = 0.969). The WMU-2 cohort
exhibited a similar age distribution, with median ages
of 46 years (range: 32-54 years) for the high-risk
group and 48 years (range: 34-58.5 years) for the
low-risk group, again showing no significant age dis-
parity (p = 0.631). Despite comparable age distribu-
tions, there were significant disparities in sex
distribution and tumor size within both cohorts
(p <0.05). Notably, the high-risk groups in both
cohorts demonstrated a significantly higher prevalence
of central lymph node metastases (CLNM) compared
to the low-risk groups (p < 0.001). However, factors
such as multinodularity and BRAF mutation status did
not exhibit significant differences between the groups
in either cohort (p > 0.05).

Distinct transcriptomic profiles of low-risk and
high-risk PTC

To investigate transcriptomic alteration associated with
risk stratification in PTC, we performed next-
generation sequencing to profile mRNA expression in
31 low-risk and 49 high-risk PTC specimens
(Figure 1A). To identify specific genes implicated in
the heterogeneous pathologies characteristic of differ-
ent risk subtypes, we performed differential expression
analysis of transcriptomic profiles between low-risk
and high-risk PTC groups using DESeq2. We identi-
fied a total of 583 DEGs with the selection criterion of
an FDR-adjusted p value less than 0.05, distinguishing
between high-risk and low-risk PTCs (Figure 1B and
supplementary material, Table S1). Among these DEGs,
210 genes were identified as significantly upregulated,

J Pathol Clin Res 2025; 11: €70022
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Figure 1. Transcriptional landscape of high-risk and low-risk papillary thyroid cancer. (A) Overview of the study design and workflow.
Our study aimed to characterize low-risk and high-risk PTC and identify diagnostic and prognostic biomarkers. Created with BioRender
(https://www.biorender.com/). (B) Volcano plot showing log, fold change and FDR-adjusted p values between high- and low-risk
patients. Differentially expressed genes in high-risk (red) and low-risk (blue) groups are shown. (C) Comparing high-risk samples to low-
risk samples, the numbers of significantly downregulated and upregulated mRNAs are shown in the blue and red bars respectively.
(D) Unsupervised clustering using the expression pattern of differentially expressed genes.

whereas 373 were found to be downregulated in the
high-risk PTC compared to low-risk PTC (Figure 1C).
Hierarchical clustering further delineated that these
DEGs distinctly segregated high-risk from low-risk
PTCs, demonstrating the potential of transcriptomic pro-
filing for risk stratification in PTCs (Figure 1D).

Characterization of perturbed biological and
immunological features in low-risk and
high-risk PTC

We next explored the perturbed biological processes
and signaling pathways distinguishing low-risk from
high-risk PTC. We first performed GO functional
enrichment analysis for DEGs and observed a preva-
lence of immune-related biological processes (Figure
2A). Pathway enrichment analysis further supported
these findings, showing consistent results with the GO
analysis (Figure 2B). Additionally, we conducted gene
set enrichment analysis for the 50 cancer hallmark
gene sets. By comparing the enrichment scores of
high-risk and low-risk patients, we observed that high-
risk PTC samples exhibited significant enrichment of
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cancer hallmark pathways compared to the low-risk
group (Figure 2C). Furthermore, we found strong pos-
itive correlations between hallmark gene modules,
indicating coordinated alterations in these pathways in
the high-risk group (Figure 2D). These results collec-
tively suggest the presence of distinct underlying
molecular mechanisms between low-risk and high-risk
PTC subtypes, particularly with regard to immune-
related processes and cancer hallmark pathways.

Given the identified immune process enrichment
among DEGs, we further explored the immune charac-
teristics between low-risk and high-risk PTC. We
conducted a comprehensive comparison of 29 Fges,
infiltrating immune cell populations, and the cancer-
immunity cycle using the ssGSEA analysis. As shown
in Figure 2E, the low-risk PTCs were found to exhibit
significantly higher pro-tumor immune and anti-tumor
immune scores compared with the high-risk group, as
determined by the Mann—Whitney U test (p < 0.05).
Pearson correlation analysis indicated a significant
positive relationship between pro-tumor immune and
anti-tumor immune scores (supplementary material,
Figure S1A). Further detailed analysis of the

J Pathol Clin Res 2025; 11: €70022
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abundance of 28 immune cell subpopulations using
sSGSEA demonstrated that the low-risk group was
characterized by significantly higher levels of adaptive
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and activated immune cell infiltration, particularly
T-cell infiltration (supplementary material,
Figure S1B). Moreover, the infiltration of various
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T-cell subtypes showed positive correlations with
each other (supplementary material, Figure S1C). An
examination of the cancer-immunity cycle stages
revealed significant differences between the low-risk
and high-risk groups, with the low-risk group
displaying pronounced anti-cancer immune activities
including cancer antigen presentation (Step 2), the
trafficking of immune cells to tumors (Step 4) (such
as CD8/CD4 T-cell recruiting and B-cell recruiting),
and enhanced infiltration of immune cells into
tumors (Step 5) (Figure 2F). These findings collec-
tively suggest that the low-risk group promotes an
immune-inflamed phenotype and stimulates the infil-
tration of diverse T-cell subsets, indicating a more
robust anti-cancer immune response compared to the
high-risk group.

Identification of potential biomarkers for
differentiating high-risk and low-risk PTCs

To identify critical genes serving as diagnostic bio-
markers for categorizing PTC into high-risk or low-
risk groups, we conducted machine learning-based fea-
ture selection with LASSO regression analysis and
identified 31 key genes with non-zero coefficients
(Figure 3A,B). KEGG enrichment analysis revealed
that these genes were enriched in cell growth, taurine
and hypotaurine metabolism (Figure 3C). Similarly,
GO enrichment analysis highlighted their association
with biological processes involved in biosynthesis and
development (Figure 3D).

Then we developed a machine learning classifica-
tion model, termed ‘PTCrisk’, using the random for-
est technique based on the expression pattern of
these 31 key genes. PTCrisk is designed to allocate
a risk probability ranging from O to 1 for each PTC
case. In the WMU-1 cohort, patients were stratified
into high-PTCrisk or low-PTCrisk groups based on a
cutoff value of 0.5. Remarkably, PTCrisk precisely
classified 31 PTC samples as low-risk and 49 as
high-risk, achieving an AUC of 1.0 (Figure 3E).

7of I5

High-risk PTC samples exhibited significantly higher
risk scores compared to low-risk samples (Mann—
Whitney U test, p<0.001) (Figure 3F,G). We
further examine the association of PTCrisk with clin-
icopathological parameters of PTC aggressiveness
using the Pearson correlation coefficients. The analy-
sis revealed significant correlations of PTCrisk with
larger tumor diameter (R = 0.38, p <0.001), higher
lymph node metastasis rates (R = 0.88, p <0.001),
CLNM rates (R=091, p<0.001), and Ilateral
lymph node metastasis rates (R = 0.74, p <0.001),
respectively (Figure 3H-K). Comparative analyses
also demonstrated that the high-PTCrisk group
presented significantly higher tumor diameters and
metastasis rates compared to the low-PTCrisk group
(Figure 3H-K).

Independent internal validation of PTCrisk in the
in-house cohort

To evaluate the reliability and robustness of PTCerisk,
we applied it to an independent internal validation
cohort (WMU-2 cohort) from our institution, consist-
ing of 21 high-risk PTC and 12 low-risk PTC cases.
Consistent with the results from the discovery cohort,
PTCrisk effectively distinguished high-risk from low-
risk PTC, achieving an AUC of 0.84 (95% CI: 0.68-
0.99; Figure 4A). The risk scores were significantly
higher in the high-risk group compared to the low-risk
group. As shown in Figure 4B,C, the high-risk group
exhibited significantly higher PTCrisk scores than the
low-risk group. Given that previous studies have iden-
tified age >55 years as an indication of a higher risk of
thyroid cancer recurrence [27,28], we further divided
the samples into two age groups: <55 and 255 years.
Once again, PTCrisk effectively distinguished high-
risk patients from low-risk patients, yielding an AUC
of 0.90 (95% CI: 0.78-1) for patients aged <55 and an
AUC of 0.67 (95% CI: 0.01-1) for those aged 255
(Figure 4D). Correlation analyses between PTCrisk
scores and clinicopathological features in the WMU-2

Figure 2. Comparison of immunological features between the high-risk and low-risk groups. (A) Visualization of functionally grouped
networks with significantly enriched GO functional terms as nodes, where larger node size indicates more significant enrichment. (B) The
top enriched pathways of dysregulated genes. The point size and color represent the number of DEGs in the pathway and the
significance level. (C) Volcano plots showing the enrichment of hallmark gene sets for high-risk and low-risk groups calculated based on
the normalized enrichment score from GSEA. (D) Pearson correlations among hallmark gene set enrichment scores are shown, with
correlations shown in blue and red depending on whether they are negative or positive. (E) Heatmap and violin plots of ssGSEA
enrichment scores of functional gene expression signatures for each sample in two groups. (F) Immune activity scores of cancer-
immunity cycle steps in high-risk and low-risk samples, respectively. Data are presented as the mean and SD. The data are analyzed
using the Mann-Whitney U test. SD, standard deviation. FC, fold change; FDR, false discovery rate; NES, normalized enrichment score.
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cohort revealed correlations with tumor diameter
(R = 0.35), lymph node metastasis rates (R = 0.49),
CLNM rates (R =0.54), and lateral lymph node
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metastasis rates (R = 0.23), with significantly higher
clinical parameters observed in the high-PTCrisk
group (Figure 4E-H).
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Further external validation of PTCrisk in
multicenter cohorts

Further external validation of PTCrisk was conducted
in 495 patients in TCGA, using TNM classifications
to examine risk scores’ association with cancer pro-
gression [29]. Notably, PTCrisk scores were signifi-
cantly higher in NI than in NO classifications,
associating higher PTCrisk scores with advanced
regional lymph node spread (Fisher’s test p < 0.001;
Figure 5A). Additionally, the risk scores tended to
increase from T1 to T4 classifications (Figure 5B).
We also observed a progressive increase in risk
scores across different stages, divided by intervals of
0.2 scores (Figure 5C). Moreover, the diagnostic per-
formance for identifying patients with early or late
clinical stages was consistent with the TNM staging
results, with higher scores associated with later-stage
PTC (Figure 5D). Furthermore, we calculated the
enrichment scores of hallmark gene sets for each
sample and found significant enrichment of biological
features in the predicted high-PTCrisk group
(Figure 5E).

To ensure cross-platform compatibility and univer-
sal applicability of PTCrisk, we analyzed additional
samples from GSE35570 (65 samples) and
GSE27155 (51 samples), which were profiled using
the Affymetrix GeneChip platform. BRAF-driven
tumors are known to be associated with unregulated
cell proliferation in thyroid cancer and may indicate
an unfavorable course [30]. In both GSE35570 and
GSE27155 cohorts, patients with BRAF mutations
exhibited significantly higher risk scores compared
to BRAF-wild type, and an increasing proportion of
BRAF-mutated samples was observed with increasing
risk scores (Figure S5F,H). Moreover, the high-
PTCrisk group was characterized by high activation
of hallmark gene sets (Figure 5G). Collectively,
these findings across diverse cohorts and platforms
further confirmed the reliable and universal diagnos-
tic performance of the PTCrisk model.
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Identification and validation of potential
prognostic biomarkers

Using univariate Cox regression analysis with the
expression of DEGs as a continuous variable in
the WMU-1 cohort, we identified 10 genes signifi-
cantly correlated with patient survival (p <0.1;
Figure 6A). Subsequently, we independently validated
three of these genes (GREM2, EMILINI, PYCRI) in
the TCGA cohort (p <0.1; Figure 6B). Further
Kaplan—Meier survival analysis revealed that high
expression levels of GREM2, EMILINI, and PYCRI
were significantly associated with both progression-
free survival and overall survival (log-rank p < 0.001;
Figure 6C,D). To assess the prognostic potential of
these three genes, risk classification analyses were
conducted in both the WMU-1 and TCGA cohorts.
The AUC values for predicting 5-year survival were
0.78, 0.75, and 0.88 in the WMU-1 cohort, and 0.62,
0.58, and 0.64 in the TCGA cohort for GREM?2,
EMILINI, and PYCRI, respectively (Figure 6E,F).
These compelling results demonstrate GREM?2,
EMILINI, and PYCRI as promising prognostic bio-
markers capable of effectively predicting the clinical
outcomes of PTC patients.

Discussion

In the present study, we performed a comprehensive
transcriptomic characterization of 113 PTC specimens
from our institute to investigate the molecular and
immunological features and their implications for diag-
nostic and prognostic purposes. Previous studies on
the immune microenvironment of tumors have eluci-
dated the intricacies of cancer immunoediting, a
dynamic process characterized by the interaction of
the immune system with evolving tumors and
consisting of three phases: elimination, equilibrium,
and escape [31,32]. Transcriptomic and functional

Figure 3. Discovery of candidate biomarkers for potential PTC progression and establishment of a model for PTC diagnosis.
(A) Identification of the influencing variables by least absolute shrinkage and selection operator (LASSO) regression and 31 variables
selected for further analysis. The plot shows the coefficients of each predictor. (B) Genes are ranked according to log, fold change, and
selected predictors are highlighted. (C) The corresponding enrichment pathways are shown for the 31 variables. The point size and color
represent the number of DEGs in the pathway and the significance level. (D) Semantic similarity matrix of clustering of gene ontology
biological process terms and annotation with word clouds. (E) ROC curve analysis to assess the performance of risk prediction of the
model in the WMU-1 cohort. (F) The score distribution and status of the patients are sorted according to their increasing risk score.
(G) Boxplot for predicting risk scores between the high- and low-risk groups. (H-K) Pearson correlation and boxplot showing between
(H) tumor diameter, (I) lymph node metastasis rates, (J) central lymph node metastasis rates, (K) lateral lymph node metastasis rates, and
predicting risk scores or high- and low-PTCrisk groups. The data were analyzed using the Mann-Whitney U test. AUC, the area under
the curve; ROC, receiver-operating characteristic.
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analysis of high-risk PTC patients revealed a significant
enrichment of hallmark gene sets compared to the low-
risk patients, suggesting that the immune system in
high-risk patients is more likely to be engaged in the
escape phase, a critical period during which tumor cells
evade immune detection and control. In addition, the
significant enrichment of developmental and signaling
pathways suggested rapid proliferation and spread of
tumor cells in high-risk PTC. Conversely, our findings
in low-risk PTC patients show a higher presence of
both pro- and anti-tumor immune responses, suggesting
that the immune system in low-risk patients primarily
functions in the equilibrium phase. The detection of
anti-tumor immune responses during this equilibrium
underscores the persistent efforts of the immune system
to counteract tumor expansion, which plays a critical
role in improving the prognosis of low-risk patients by
slowing the pace of disease progression.

The genome-wide screening was conducted using
LASSO regression, revealing 31 critical genes associ-
ated with morphogenesis, development, and biosynthe-
sis, highlighting their significance in cancer
pathogenesis. Specifically, overexpression of CALCA
and GRP has been observed across various tumor
types, including thyroid cancer, while MTRNR2L12
has been implicated in inhibiting the execution phase
of apoptosis [33,34]. Although these current pieces of
knowledge enhance our understanding of the identified
genes, their clinically applicable values in PTC diag-
nosis warrant further exploration. Therefore, we devel-
oped a diagnostic model named PTCrisk, which
generates a probabilistic scale ranging from 0.0 to 1.0,
potentially aiding in clinical risk assessment. The
effectiveness and reliability of PTCrisk were evaluated
across both internal and external multicenter cohorts,
demonstrating remarkable diagnostic accuracy across
diverse detection platforms and patient populations.
Significantly, thyroid cancer incorporates patient age
into disease staging in various staging systems, such
as the American Joint Committee on Cancer,
highlighting the significance of patient age for risk
stratification in thyroid cancer [8,35,36]. Therefore, by
segregating samples into distinct age groups, we
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observed high diagnostic performance in both groups.
We also unveiled a positive correlation between
PTCrisk scores and key clinicopathological features,
such as metastatic rates and tumor diameter. Similarly,
external cohort analyses revealed congruent associa-
tions with TNM stages and BRAF mutation status,
alongside an observable gradation in risk scores across
different stages. These findings suggest the potential
utility of PTCrisk in guiding clinical decision-making.

Furthermore, our identification of GREM?2,
EMILINI, and PYCRI as survival-associated genes
through Cox regression analysis, with subsequent vali-
dation in the TCGA cohort, introduces novel prognos-
tic biomarkers for PTC. It has been reported that
GREM?2 may serve as a potential biomarker for med-
ullary thyroid cancer prognosis, as it is one of the
genes that are commonly dysregulated in both rat and
human medullary thyroid cancer [37]. Although there
is no evidence that EMILINI and PYCRI are associ-
ated with thyroid cancer survival, high expression is
unfavorable in renal cancer or liver cancer based on
cell line data from the Human Protein Atlas [34].

Several limitations to this study should be acknowl-
edged. First, the clinical relevance of the identified genes
in the diagnosis of PTC remains to be established.
Further research is needed to determine their practical
utility in a clinical setting to translate research findings
into clinical applications, which would involve evaluat-
ing their diagnostic accuracy, reliability, and predictive
value in real-world clinical scenarios. Second, further
validation of prognostic biomarkers requires verification
in a larger population cohort from multiple institutions
to ensure robustness and generalizability.

In conclusion, this study profiled the comprehensive
transcriptomic landscape of 113 Chinese PTC patients
and demonstrated that molecular and biological fea-
tures contribute to risk stratification and clinical behav-
ior variability in PTCs. Furthermore, we derived and
validated a 31-gene transcriptomic-based signature
(PTCrisk) that is highly predictive of risk levels.
These findings provide further molecular insights into
patient risk stratification and may further advance per-
sonalized treatments for PTC.

Figure 4. Performance of the diagnostic model in the validation cohort. (A) ROC plot with its 95% confidence interval presenting the
performance of the model in the WMU-2 cohort. (B) The score distribution and status of the patients sorted according to their
increasing risk score. (C) Boxplots showing the distribution of the risk score in high- and low-risk patients. (D) ROC curve and AUC value
of the model for identifying patients' status in the age >55 and age <55 groups. (E-H) Pearson correlation and boxplot showing between
(E) tumor diameter, (F) lymph node metastasis rates, (G) central lymph node metastasis rates, (H) lateral lymph node metastasis rates,
and predicting risk scores for high- and low-PTCrisk groups. Statistical significance is determined using the Mann-Whitney U test. AUC,

the area under the curve; ROC, receiver-operating characteristic.
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Figure 6. Performance of biomarkers in identifying individual PTC patient prognoses. (A, B) Forest plots depicting the hazard ratio and 95%
confidence intervals derived from candidate genes' univariate survival analysis in (A) the WMU-1 cohort and (B) TCGA. (C, D) Kaplan-Meier
survival curves of patients between the high and low expression of GREM2, EMILINT, and PYCR1 in (C) the WMU-1 cohort and (D) TCGA. The
p values were calculated using the log-rank test. (E, F) The AUCs of the timeROC curves at 5 years for the three genes in (E) the WMU-1 cohort
and (F) TCGA showing the prognostic performance. AUC, area under the curve; timeROC, time-dependent receiver-operating characteristic.

Figure 5. Independent validation of the model in external multicenter cohorts. (A-D) The upper panels illustrate the distribution of risk
scores for patients in different clinical stages (N stage, T stage, and tumor stage). The Mann-Whitney U test or Kruskal-Wallis test was
used to assess the statistical significance. The middle panels show the frequency distribution of stages across low- and high-PTC risk
groups. The statistical significance of the proportional bar was determined using the Fisher's test. The lower panels display the frequency
distribution of risk scores across different risk score intervals for different clinical stages. (E, G) Volcano plots showing the enrichment of
hallmark gene sets of samples in two different groups derived from risk scores in (E) the TCGA cohort and (G) the GSE35570 cohort.
(F, H) Comparison of the risk score in (F) the GSE35570 cohort and (H) between BRAF mutation and wildtype. The score distribution and
BRAF mutation status of the patients are sorted according to their increasing risk score.
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