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ARTICLE INFO ABSTRACT
Keywords: Graves’ disease (GD) is an autoimmune disorder characterized by hyperthyroidism resulting from
Graves’ disease autoantibody-induced stimulation of the thyroid gland. Despite recent advancements in under-
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standing GD’s pathogenesis, the molecular processes driving disease progression and treatment
response remain poorly understood. In this study, we aimed to identify crucial immunogenic
factors associated with GD prognosis and immunotherapeutic response. To achieve this, we
implemented a comprehensive screening strategy that combined computational immunogenicity-
potential scoring with multi-parametric cluster analysis to assess the immunomodulatory genes in
GD-related subtypes involving stromal and immune cells. Utilizing weighted gene co-expression
network analysis (WGCNA), we identified co-expressed gene modules linked to cellular senes-
cence and immune infiltration in CD4" and CD8" GD samples. Additionally, gene set enrichment
analysis enabled the identification of hallmark pathways distinguishing high- and low-immune
subtypes. Our WGCNA analysis revealed 21 gene co-expression modules comprising 1,541
genes associated with immune infiltration components in various stages of GD, including T cells,
M1 and M2 macrophages, NK cells, and Tregs. These genes primarily participated in T cell pro-
liferation through purinergic signaling pathways, particularly neuroactive ligand-receptor in-
teractions, and DNA binding transcription factor activity. Three genes, namely PRSS1, HCRTR1,
and P2RY4, exhibited robustness in GD patients across multiple stages and were involved in
immune cell infiltration during the late stage of GD (p < 0.05). Importantly, HCRTR1 and P2RY4
emerged as potential prognostic signatures for predicting overall survival in high-immunocore GD
patients (p < 0.05). Overall, our study provides novel insights into the molecular mechanisms
driving GD progression and highlights potential key immunogens for further investigation. These
findings underscore the significance of immune infiltration-related cellular senescence in GD
therapy and present promising targets for the development of new immunotherapeutic strategies.
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1. Introduction

Graves’ disease (GD), a prevalent autoimmune disorder, affects the thyroid gland causing hyperthyroidism, often seen in in-
dividuals between the ages of 30 and 50 [1]. Women are more likely to be diagnosed with GD, with a female-to-male ratio of around
7:1 [2]. The incidence of GD is higher in industrialized countries such as the United States and Europe, with a prevalence of 1-2% and
0.5-2%, respectively [3,4]. However, the incidence of GD in Asia is relatively lower, with a reported rate of 0.3-0.7%. A study
published in the Journal of Clinical Endocrinology & Metabolism has indicated an increasing trend of GD incidence in China, with a
rate of 0.5-0.8% [5,6].

The standard treatment options for GD include antithyroid medications, radioactive iodine (RAI) therapy, and thyroidectomy
[7-9]. Close monitoring and adjustments to the treatment plan may be necessary for some patients [10,11]. Although current
treatments effectively manage hyperthyroidism, they do not address the underlying immune activation and autoantibody production
[11]. Hence, there is a need for further research and development of treatments targeting the underlying immunological mechanisms
in GD.

GD is characterized by immune pathology that involves the production of autoantibodies targeting the thyroid-stimulating hor-
mone receptor (TSHR) in the thyroid gland, which results in hyperthyroidism due to excessive secretion of thyroid hormones [12,13].
The immune response in GD also involves the participation of T and B cells, which play critical roles in the disease progression [14]. T
cells secrete cytokines that promote inflammation and stimulate the thyroid gland, while B cells produce autoantibodies against
thyroid-specific antigens, which contribute to ongoing immune activation and excessive thyroid hormone secretion [14,15].

The exact cause of immune-mediated autoantibody production in autoimmune disorders is not yet fully understood, although
genetic susceptibility, viral infections, and endocrine imbalances have been suggested as contributing factors. The initial triggers for
autoantibody production and immune activation are still unknown, and the precise interactions between immune cells and autoan-
tibodies in the thyroid gland require further investigation [12,16]. However, recent advances in computational tools, such as the
immunogenicity-potential scoring (IPS) [17,18], microenvironment cell populations-counter (MCP) [19-21], X-cells algorithms [22,
23], and weighted gene co-expression network analysis (WGCNA) [24,25], have enabled researchers to gain a deeper understanding of
the molecular mechanisms underlying autoantibody production and the complex interactions between stromal and immune cells in the
thyroid gland [26,27]. These cutting-edge tools allow for large-scale gene expression analysis to identify key biological pathways and
processes involved in the path immunology of autoimmune disorders, providing valuable insights into the underlying mechanisms of
these diseases [28].

In this study, we present a pioneering investigation into the immune landscape of GD utilizing cutting-edge computational tools.
Our approach integrates advanced methodologies, including IPS, MCP, and X-cell algorithms, complemented by the well-established
WGCNA [26,27]. This departure from conventional research strategies aims to fill crucial knowledge gaps regarding the molecular
origins of immune-mediated autoantibody production in the GD [28]. By leveraging large-scale gene expression analysis, we uncover
key biological pathways, unraveling the intricate immunological processes that characterize autoimmune disorders. This unique
amalgamation of methodologies not only propels our comprehension of GD immunology but also lays the groundwork for revolu-
tionary diagnostic and therapeutic avenues with profound implications. Specifically, we aim to determine the disrupted immune
network associated with GD pathogenesis and evaluate the feasibility of utilizing a prognostic marker to predict the immune
microenvironment status in GD patients. By combining the expression data of stromal and immune cells in GD-affected tissues, our
study seeks to derive a novel understanding of the intricate interactions between immune cells and autoantibodies in GD and enhance
our capacity to forecast and manage this debilitating autoimmune disorder. Our research has the potential to provide valuable insights
into the pathophysiology of GD and inform the development of more effective diagnostic and therapeutic strategies.

2. Materials and methods
2.1. Study design

In this observational study, transcriptomic data of GD obtained from The Cancer Genome Atlas (TCGA) and The Cancer Genome
Atlas Glioma (CGGA) collections were analyzed to identify cellular and molecular pathways associated with senescence in GD through
an immune infiltration-guided strategy. The study employed IPS, MCP, and Xcell algorithms to comprehensively analyze the immune
cell fractions and immune clustering of the immune infiltration components in GD datasets. The IPS algorithm was utilized to evaluate
the overall abundance of immune cells within the transcriptomic data. This computational approach entails a thorough assessment of
the expression profiles linked to various immune cell types. IPS offers a quantitative measure, enabling the determination of the global
immune cell landscape in the context of GD [17,18]. Additionally, MCP was employed to scrutinize the specifics of immune cell
populations present in the GD datasets. This algorithm utilizes advanced computational methods to deconvolute bulk transcriptomic
data, providing insights into the quantitative distribution of distinct immune cell subsets. By leveraging gene expression signatures
associated with various immune cell types, MCP enhances the resolution for characterizing specific immune cell populations
contributing to the GD microenvironment [19,20]. Moreover, the distribution analysis of immune cell populations in the GD datasets
was conducted using the Xcell algorithm. Xcell employs a sophisticated computational framework to evaluate the relative proportions
of diverse immune cell types within the GD transcriptomic landscape [22,23]. By leveraging specific gene expression profiles asso-
ciated with various immune cells, Xcell enhances our understanding of the spatial arrangement and interplay of immune cell pop-
ulations in the context of GD. These algorithms collectively contribute to a comprehensive assessment of the immune landscape,
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providing valuable information on both the overall abundance and specific distribution patterns of immune cell populations associated
with GD [26,27].

Furthermore, the WGCNA was used to identify genes related to the immune hub and involved in glioma immune invasion. Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis were performed to uncover specific signaling
pathways, and the reliability of the immune-hub genes was evaluated through clinical prognosis analysis. A protein-protein interaction
analysis was also performed to predict potential mechanisms. The study aimed to provide a comprehensive understanding of the
immune profile of GD and its potential implications for prognosis and therapy. The sample abundance scores for immune cells were
separately calculated for patient samples from different clinical stages and ages [29]. The flowchart in Fig. 1 summarizes the prep-
aration, processing, analysis, and validation of the data.

2.2. Data acquisition

In this study, transcriptomic datasets were collected from the NCBI GEO database to investigate epigenetic profiling in CD4" and
CD8™ T cells of patients with GD. The datasets contained information on changes in genes related to T cell receptor signaling, providing
valuable insights into the underlying mechanisms of GD. The study sample consisted of 38 GD patients and 31 healthy individuals from
the GSE71956 cohort. The researchers extracted total RNA from sorted CD4" and CD8* T cells to analyze DNA methylation patterns of
specific genes and examine their correlation with gene expression profiles in GD. This approach enabled the identification of potential
targets for therapeutic intervention and a deeper understanding of the molecular pathways involved in GD pathogenesis. The study
followed the PRISMA statement recommendations to ensure transparency and reproducibility of the research process.

2.3. Data pre-processing

Before the gene expression analysis, the raw data were preprocessed using the Limma package in R/Bioconductor, with version R
2.14.0. Quantile normalization was conducted on the data to ensure the accurate representation of gene expression levels, which was
implemented using the Limma package. To match the microarray probe sets with their corresponding genes, an Affymetrix-released
annotation file for each platform was used. To eliminate redundancy, probes that mapped to multiple genes were removed, and the
average expression level of the probes that mapped to the same gene was used. Lastly, hierarchical clustering was carried out to
eliminate any noisy data from the analysis.

2.4. Gene co-expression network reconstruction

The WGCNA approach was employed to identify co-expressed gene modules related to cellular senescence and immune infiltration
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Fig. 1. Flowchart describing the schematic overview of the study design for investigating immune infiltration characteristics in patients with GD.
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in the GD [28,30]. To begin with, three biological co-expression networks of immune pathways were constructed using the WGCNA R
package, and a weighted adjacency matrix and a topological overlap matrix were built to evaluate the correlation among the genes
involved in the senescence [30,31]. The authors identified biologically relevant modules that had a minimum size of 30 and a split
depth of 3. To understand the association of gene sets with the disease immunophenotype, the module-phenotype relationship was
calculated, and the study highlighted that the glioma-immune microenvironment can impact cellular senescence’s pro- or
anti-immunopathology tendencies and therapy response. Additionally, the IPS, MCP, and Xcell algorithms were employed to evaluate
the immune cell infiltration level, and the correlation between the immune score and hub genes was determined. Finally, the
Chi-square test was carried out to assess the significance of immuno-module genes in each group, to comprehend the immune
infiltration-related cellular senescence genes in glioma.

2.5. Gene and pathway enrichment analysis

To gain insights into the biological processes and molecular functions related to the targeted immune hubs in glioma, several
analyses were conducted using multiple datasets such as DisGeNET [32], Clinical Variations [24], DisGeNET [25], BeFree [26], BioCyc
[27], KEGG [28], and MSigDBBioCarta [30]. ToppGene and the clusterProfiler package were used to perform GO analysis and KEGG
analysis to uncover enriched pathways across multiple datasets [33-35]. The gene set enrichment analysis (GSEA) method was used to
conduct pathway enrichment analysis based on 50 hallmark pathways from the Molecular Signature Database [36]. The Enrichplot
package was used to visualize the results, and Kaplan-Meier diagrams were created to determine the prognostic pattern of the top
overlapping oncogenic pathways. These analyses aimed to reveal the underlying mechanisms of the targeted immune hubs and their
impact on patient prognosis [37].

2.6. Protein-protein interaction network construction

To analyze the relationships between genes, a protein-protein interaction (PPI) network was constructed from the genes in the
enriched modules. The PPI network was constructed using the Search Tool for the Retrieval of Interacting Genes (STRING) and
visualized using Cytoscape [38]. In the context of our analysis, STRING served as a valuable resource for comprehending the functional
associations and potential interactions between genes. The constructed PPI network, visualized through Cytoscape, provided an
insightful representation of gene connectivity and potential functional relationships. Hub genes were identified as those with node
connectivity of >5, indicating that they play a crucial role in the network due to their many connections to other genes. The PPI
network visualization allows for the identification of potential interactions and functional relationships between genes, providing
valuable information for further analysis. The integration of STRING and Cytoscape in this analysis not only enhances the clarity of the
PPI network but also contributes to the identification of crucial interactions, providing a foundation for further in-depth analysis of the
functional relationships between genes.

2.7. Development of a comprehensive and predictive nomogram

To investigate the relationship between the expression of the key immune-related gene and clinical grade, the researchers utilized
the survival package and survminer package in R for survival analysis. Clinicopathological grading and survival time records of the GD
cases in the dataset were analyzed, and the correlation between the target immune-related gene and clinical grade was evaluated. The
Kaplan-Meier method was employed to plot the survival curve, with the log-rank test used as a statistical significance test. A p-value of
less than 0.05 was considered significant. Univariate and multivariate Cox regression analyses were conducted to identify independent
prognostic factors. A comprehensive and predictive nomogram was developed using the "rms" R package, which incorporated the
immune-score signature, age, gender, and stages. The performance and accuracy of the nomogram were evaluated using receiver
operating characteristics (ROC) and calibration curves.

2.8. Data analysis

All data analysis in this study was carried out using the R software, version 4.0.3. Statistical tests such as the Wilcoxon signed-rank
test were used to compare two groups, while the Kruskal-Wallis test was applied to compare three or more groups. A p-value less than
0.05 was considered statistically significant, and all tests were two-sided. Descriptive statistics such as mean + standard deviation (SD)
and medians (ranges) were used to present normally and non-normally distributed variables, respectively. Categorical variables were
reported as numbers and percentages. T-tests or one-way ANOVA were used for data analysis, while Spearman’s rank correlation
coefficient test was used to identify the effect of the cut-off threshold and construct the ROC curve. The relationship between sensitivity
and specificity was determined between groups. An adjusted p-value less than 0.05 was considered statistically significant.

3. Results
3.1. Identification of immune infiltration-related senescence genes

In this study, we aimed to identify senescence genes that have a role in the immune system and their connection with chronic
diseases and GD. To achieve this, we utilized three algorithms - IPS, MCP, and Xcell - to measure different immune cell subsets in the
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TCGA cohort based on their phenotypic characteristics. S1 Figure shows the results of these analyses for each sample, and we examined
the immune molecular characteristics at different stages of CD4" and CD8" GD samples. Our results indicated a significant decrease in
immune scores as GD progressed, while purity decreased in higher grades (Fig. 2A). We also observed that GD was more prevalent in
the 30-50 age group than in those above 50 years old (Fig. 2B). By using these algorithms, we evaluated the immune scores and
infiltrations of various immune infiltration components such as B cells, M1 Macrophages, M2 Macrophages, NK cells, and Tregs at
different stages of GD (Fig. 2C). Our analysis indicated that the infiltration of these immune cells was lower in the later stages of GD,
except for DCs, which increased in severe stages. We also found a positive correlation between GA-related genes and immune scores.
Additionally, we assessed the accuracy of the immunogenicity score of IPS, AZ-IPS, and CP-IPS and observed that different immu-
nogenicity algorithms of GD decreased in the late stages of the disease. However, the MHC-I binding prediction component of the IPS
algorithm (MHC 1-IPC) increased in the severe stage of GA, indicating an accurate prediction of MHC binding affinity for the
development of effective cancer immunotherapies (Fig. 2D). Overall, our study provides insights into the role of senescence genes in
the immune system and their association with chronic diseases and GD.

3.1.1. Immuno-module screening

To analyze samples with high immune scores at the systems level, we utilized the WGCNA approach to construct a biological
network. Samples were divided into high-expression outliers and low-expression groups based on the interquartile range, with values
1.5 times greater than the interquartile range being classified as high-expression outliers. Both IPC and MCP algorithms were used to
analyze and select the high immune score samples (Fig. 3 A and 3B respectively). Out of the 38 samples, 11 samples with low immune
scores were identified as outliers and removed from the study. The high immune expression group consisted of 68% (27/38) of the
TCGA samples and 32% (12/38) of the samples (Fig. 3). For further investigation of immune-related genes and hubs, we performed
additional analysis on the high immune score samples, given the focus of our study on GD, an autoimmune disorder. We sorted the
sample results according to all immunoassay measurements, after screening them using both the IPC and MCP algorithms, as outlined
in the S1 Table.

3.1.2. Immuno-module constructing

The study utilized the WGCNA method to construct a co-expression network of genes associated with the development of GD.
Analysis of the microarray data identified 1,541 differentially expressed genes, and 21 co-expression modules were found to be linked
with GD (Fig. 4A). We identified five modules through cluster dendrogram analysis, each labeled with a unique color: blue, cyan, dark
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red, midnight blue, and royal blue, which showed similar module integration (Fig. 4). Among the selected immuno-module, our
analysis resulted in a scale-free network that displayed a relative balance between scale independence and means connectivity when
we used a soft thresholding power of 6 (Fig. 4B). Interestingly, the blue module contained taxonomic genes that were different from the
genes in the other modules. We employed eigengene co-expression analysis to merge the dynamic modules into three using a threshold
of 0.5, and this process confirmed the reliability of the dark-red module, as illustrated in Fig. 4B. Our study’s key finding was that 75%
(52/69) of the genes in the dark-red module were significantly correlated with immune response in GD, making it the critical module
between the normal mild GD and severe GD groups (p = 0.035). We have listed the genes of the selected immune module in the S2
Table. We also conducted dimensionless topological network analysis between different stages and age groups to identify potential
candidate key immunogens linked to GD progression, which was used to scale the adjacency matrix (Fig. 4C). Our results indicated that
the dark-red module was the most significant module linked to late-stage GD and contained 69 mRNAs that were potential candidates
for further investigation (Fig. 4D; p = 0.004). Moreover, our module correlation analysis revealed statistically significant positive
correlations between age and pathological stage characteristics with the dark red, midnight blue, and royal blue modules (all p <
0.05).

3.2. Functional downstream analyses of immuno-module

Our analysis revealed that genes within the dark-red module had stronger interactions with each other compared to genes in other
modules. To gain insight into the biological processes and pathways associated with GD, we performed GO and KEGG pathway
enrichment analyses on the genes in the dark-red module (Table 1 and Fig. 5). Our results identified several significant pathways and

Table 1
Pathways and processes enriched in GD driver genes within immune modules.
Pathway Source” p-value Hit Count in Mean Hit in Query List
Genome
Pathway Autoimmune Thyroid Disease OMIM MedGen 0.00165 20 LRPPRC,
Immature Ovarian Teratoma DisGeNET 0.00247 24 NDUFB9, PARRS
BeFree
DNA Bibding Trasciption factor Activilty DisGeNET 0.00609 32 FAR1, ATP13A2
Curated
Microcephaly, Primary Autosomal Recessive DisGeNET 0.00109 19 LRRC57, LRPPRC
Curated
Cataracts, Spastic Paraparesis, And Speech Delay Clinical 0.00129 23 HCRT, RPS28
Variations
Peroxisomal Fatty Acyl-Coa Reductase Disorder OMIM MedGen 0.00129 15 CDK5RAP2
Congenital Lactic Acidosis Clinical 0.0049 21 NDUFB9, RPS28,
Variations SLCO3A1
Diamond-Blackfan Anemia 15 OMIM MedGen 0.00179 5 FAR1, GPAM
Microcephaly 3, Primary, Autosomal Recessive Clinical 0.00121 7 LRPPRC, CDK5RAP2
Variations
Neuroactive ligand -respecter interaction OMIM MedGen 0.00106 43 P2RY4, PCDHA1
Biological Monocarboxylic acid metabolic process OMIM MedGen 0.0024 46 LRPPRC,P2RY4
Process. Carbohydrate derivative metabolic process DisGeNET 0.0027 46 P2RY4, SLC38A8
BeFree
Fatty acid metabolic process Clinical 0.0072 29 CDKS5RAP2
Variations
Positive regulation of cell activation OMIM MedGen 0.0029 26 USP8, SSPN
Regulation of DNA—binding transcription factor DisGeNET 0.0039 25 P2RY4, HCRTR
activity BeFree
Positive regulation of DNA binding transcription DisGeNET 0.0037 42 PARRS, P2RY4
Curated
Multicellular organismal process DisGeNET 0.038 42 RPS28
Curated
Urogenital system development DisGeNET 0.0451 55 CDK5RAP2
BeFree
Kidney development DisGeNET 0.0451 124 NDUFB9
Curated
Renal system development DisGeNET 0.0451 325 SEC14L1
BeFree
Positive regulation of NF—kappa B transcription factor ~ DisGeNET 0.0671 56 LRRC57, LRPPRC
activity Curated
Negative regulation of signal transduction DisGeNET 0.0951 56 PFKFB2
BeFree
Negative regulation of cell communication DisGeNET 0.0451 69 FAR1, HCRTR
BeFree
Negative regulation of signaling OMIM MedGen 0.0521 126 REPS1, P2RY4

@ Functional enrichment analysis was performed with an integrative method that discovers significantly enriched pathways, across multiple
datasets such as DisGeNET [22], Clinical Variations [24], DisGeNET [25], BeFree [26], BioCyc [27], KEGG [28], and MSigDBBioCarta [30].
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Fig. 5. Functional analyses of the selected immune module. (A) Pathway enrichment and main pathway networks of top-selected immune module
dark-red module. (B) The PPI bipartite network analysis for the dark-red module. (C) Cognitive impairment analysis of the selected immune module.
(D) Integration of the selected biological processes of purinergic signaling pathways, neuroactive ligand-receptor interaction, and DNA binding
transcription factor activity. (E) Signaling enriched KEGG pathway analysis of purinergic signaling pathways. (For interpretation of the references to
Eolor in this figure legend, the reader is referred to the Web version of this article.)

processes enriched in GD driver genes, including DNA binding transcription factor activity, Microcephaly, primary autosomal recessive
cataracts, spastic paraparesis, speech delay, and peroxisomal fatty Acyl-Coa reductase disorder (Fig. 5A). These findings suggest that
these biological processes and functions may play a critical role in the pathogenesis of GD. Additionally, our KEGG pathway analysis
revealed that the most significant biological pathways related to neuroactive ligand-respecter interaction and DNA binding tran-
scription factor activity of the purinergic signaling pathways, which have been linked to the regulation of immune response and
inflammation in various autoimmune disorders, including GD (Fig. 5B and S2 Fig). Interestingly, we also identified two pathways in
GD segregation that are associated with cognitive impairment, covering over 48% of the genes in the targeted immuno-module
(Fig. 5C). The integration of the selected biological process of the purinergic signaling pathways, neuroactive ligand-respecter
interaction, and DNA binding transcription factor activity is presented in Fig. 5D. This finding indicates that these pathways may
contribute to the cognitive dysfunction observed in GD patients. The enriched pathways predominantly associated with the study are
primarily involved in Autoimmune Thyroid Disease, Reproductive Health, Neurodevelopmental Disorders, Ocular and Neurological
Disorders, Metabolic Disorders, and Hematological Disorders. Furthermore, our study identified the top enriched KEGG pathway
related to neuroactive ligand-respecter interaction, which plays a crucial role in the production of thyroid-stimulating immuno-
globulins in GD (Fig. 5E). These autoantibodies bind to and activate the TSHR on the surface of thyroid cells, leading to the over-
production of thyroid hormones and hyperthyroidism. Overall, our functional downstream analysis of the selected immuno-module
revealed several significant biological processes and pathways associated with GD pathogenesis, including those related to immune
response, inflammation, cognitive dysfunction, and hyperthyroidism. These findings may have implications for the development of
targeted therapeutic approaches for the treatment of GD.

3.3. Potential key immune-therapeutics mRNAs

The co-expression and PPI networks analyzed in this research identified three hub genes that are associated with immune-related
processes in GD (Table 2). These genes are protease serine 1 (PRSS1), hypocretin receptor 1 (HCRTR1), and purinergic receptor p2y, g
protein-coupled, 4 (P2RY4), which were identified as hub genes based on co-expression network nodes >5. Gene ontology analysis
showed that these genes are mainly involved in immune-related processes via the purinergic signaling pathways, specifically through
the neuroactive ligand-receptor interaction and DNA binding transcription factor activity. The study found that the mean expression of
HCRTR1 and P2RY4 was significantly higher in samples with high immune scores in GD compared to low-immune GD samples
(Fig. 6A). However, when comparing the levels of these genes between CD4* and CD8" GD samples, no significant differences were
found. Specifically, there was no significant difference in the mean expression of PRSS1, HCRTR1, and P2RY4 genes between the CD4 ™"
(n = 25) and CD8™ (n = 24) DG samples (Fig. 6B; p > 0.05). Further analysis showed that the expression of HCRTR1 was significantly
increased in severe and moderate stages of GD compared to the mild group (Fig. 6C; p < 0.001). Additionally, P2RY4 levels were
significantly higher in the severe-stage GD group (n = 18) compared to the mild-stage samples (n = 11; p = 0.003).

3.4. Prognostic value of potential key mRNAs

We also analyzed the relative expression levels of targeted novel mRNAs associated with GD driver genes that have interacted with
disease survival. In addition, we presented the ROC curves for the expressions of PRSS1, HCRTR1, and P2RY4. The area under the ROC
curve (AUC) for PRSS1, HCRTR1, and P2RY4 were 0.35, 0.17, and 0.38, respectively (Fig. 6D). However, the study did not find any
significant distinctive biomarkers among different stages and other groups of samples. To analyze the correlation of these genes with
GD stages, patient age, and CD4"/CD8™ profiles, we used Spearman-rank correlation. The results showed that HCRTR1 and P2RY4
genes were significantly correlated with each other and with other risk factors (Fig. 6E). Specifically, higher levels of HCRTR1 were
positively correlated with patient age and disease stage (r = 0.794 and r = 0.8542, respectively, both p < 0.001). Meanwhile, P2RY4
expression was found to be correlated with the stage of the disease (r = 0.6334), but PRSS1 did not show any correlation with these

Table 2

List of the top hub genes in the selected immune module.
Substance Gene Log 2 (FC) P-value Co-expression node Nodes of PPI-networks notes
P2RY4 0.32342 0.0023 43 8
PARRS 0.3114 0.0032 24 5
FAR1 0.1936 0.0451 34 4
LRRC57 0.2298 0.0312 16 4
HCRTR 0.3481 0.0012 26 6
CDK5RAP2 0.3006 0.0453 10 4
LRPPRC 0.2104 0.0239 18 3
NDUFB9 0.2208 0.0353 11 4
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Fig. 6. Diagnostic accuracy analysis of targeted mRNA. (A) Boxplots of the targeted potential key mRNA drivers T cell proliferation, PRSS1,
HCRTRI1, and P2RY4 between high- and low-immune score samples (A), between CD4" and CD8" T cell samples (B), and different stages of GD
samples (C) groups. These three genes were overexpressed in the metastatic groups. Horizontal bars represent mean + SD. (D) Receiver operating
characteristic (ROC) curve for PRSS1, HCRTR1, and P2RY4 expression. (E) Correlation of PRSS1, HCRTR1, and P2RY4 with other clinical trials of
the samples.

clinical parameters. Overall, our findings indicate that higher levels of HCRTR1 and P2RY4 are associated with greater disease severity
in GD patients. This suggests that these genes may serve as potential diagnostic biomarkers for distinguishing GD patients with
different stages. However, it should be noted that further research is needed to confirm these findings, and a larger sample size may be
required.

4. Discussion

In this study, we utilized sophisticated computational tools such as IPS, MCP, X-cell algorithms, and WGCNA to identify key
biological pathways and processes involved in GD. Our findings indicate that genes involved in downstream pathways of the immune
response, inflammation, cognitive dysfunction, and hyperthyroidism play important roles in GD pathogenesis. The positive correlation
between GD-related genes and immune scores is intriguing and suggests a potential role for GD-related pathways in modulating
immune cell infiltration and activation in GD. Our analysis identified five main modules - blue, cyan, dark red, midnight blue, and
royal blue - that exhibited high immune scores. Notably, these modules showed significant positive correlations with age and path-
ological stage, distinguishing them from other module genes. Of the identified hub genes, we found that PRSS1, HCRTR1, and P2RY4
may function as novel genes that increase in severe and moderate stages of GD compared to the mild group. These genes may play a
role in CD4" and CD8™" T infiltration and activation during the progression of GD. To our knowledge, this is the first study to report that
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P2RY4 and HCRTR1 levels are significantly higher in the severe-stage GD group and are significantly correlated with the disease stage.

Despite extensive research, the exact triggers for autoantibody production and immune activation in GD remain unknown [13,39].
The complexity of the interactions between immune cells and autoantibodies in the thyroid gland further complicates the under-
standing of the disease pathogenesis [40]. In GD, immune dysregulation is primarily mediated by T and B lymphocytes. Among T cells,
CD4" T helper cells and CD8" cytotoxic T cells play a crucial role in the autoimmune attack on the thyroid gland. CD4" T cells
differentiate into various subsets, including Th1, Th2, and Th17 cells, upon recognizing antigens presented by antigen-presenting cells
[41]. In GD, Th1 cells produce pro-inflammatory cytokines such as interferon-gamma and tumor necrosis factor-alpha, which activate
macrophages and stimulate B cells to produce autoantibodies against the thyroid gland. These autoantibodies bind to the TSHR on the
surface of thyroid cells and stimulate the thyroid gland to produce excess thyroid hormones [42]. In some patients with GD, the
autoantibodies can also bind to other receptors such as the insulin-like growth factor-1 receptor (IGF-1R), and contribute to the
development of ophthalmopathy [43]. On the other hand, Th2 cells produce anti-inflammatory cytokines such as interleukin-4 (IL-4)
and interleukin-10 (IL-10), which can inhibit Th1 cells and suppress autoantibody production [41,44]. However, in some cases of GD,
Th2 cells can also contribute to the autoimmune attack by secreting cytokines that stimulate B cells to produce autoantibodies [43].
Understanding these interactions is essential for developing targeted therapies that can modulate the immune response and improve
the clinical outcomes of patients with GD [45]. There is a significant gap in our understanding of immunology of GD and further
research is necessary to fill these gaps and develop effective therapies for this debilitating autoimmune disorder.

Our investigation embarks on a groundbreaking quest into the nuanced immunological terrain of GD, harnessing cutting-edge
computational tools like immune landscape algorithms IPS, MCP, and Xcell algorithms. These tools enable the analysis of large-
scale gene expression data to identify key biological pathways and processes involved in the immunology of GA [46]. Diverging
from traditional approaches, we integrate novel methodologies such as IPS, MCP, and X-cell algorithms to comprehensively decode the
molecular intricacies governing autoantibody production in GD [17-20,22-25]. Through the amalgamation of expression data from
stromal and immune cells within GD-affected tissues, we unveil a disrupted immune network, offering profound insights into the
intricate interactions steering GD pathogenesis. In this study, we first sorted and filtered our samples using three different immune
component algorithms, namely IPS, MCP, and Xcell, before conducting WGCNA analysis. IPS is a prognostic score that is based on the
expression levels of 18 immune-related genes and is a reliable predictor of survival outcomes in various immune diseases, including GD
[47]. MCP is a widely used gene expression deconvolution algorithm that quantifies the relative proportions of different immune cell
types in a mixed population of cells based on their gene expression profiles [19-21]. The Xcell algorithm is a computational method
that estimates the levels of gene expression and cell type abundance in bulk tissue samples, which is a crucial tool in immunology
research for understanding the underlying mechanisms of immunological diseases [22,23]. Our downstream analysis of the selected
immuno-module revealed several significant biological processes and pathways associated with GD pathogenesis, including those
related to immune response, purinergic signaling, inflammation, cognitive dysfunction, and hyperthyroidism. These findings may have
important implications for the development of targeted therapeutic approaches for the treatment of GD. This pioneering framework
not only advances our comprehension of GD immunology but also leads the way in developing prognostic markers for predicting the
immune microenvironment status in GD patients. Our research stands as a beacon in deciphering and addressing the intricate com-
plexities inherent in this autoimmune disorder.

Our investigation into the dark-red module highlighted robust interactions among genes, indicating shared functional significance.
Conducting GO and KEGG pathway analyses on this module unveiled crucial pathways associated with GD pathogenesis. Noteworthy
findings encompass heightened DNA binding transcription factor processes, links to conditions like Microcephaly, primary autosomal
recessive cataracts, spastic paraparesis, speech delay, and perturbations related to peroxisomal fatty Acyl-Coa reductase disorder [48].
These insights underscore the potential involvement of these processes in the mechanisms driving GD [48,49].

Further analysis through KEGG pathways identified significant associations between dark-red module genes and pathways integral
to neuroactive ligand-respecter interactions and DNA binding transcription factor activity within purinergic signaling [50]. Recog-
nized for their roles in regulating immune responses and inflammation, these pathways have implications for various autoimmune
disorders, including GD [51]. Notably, our study unveiled pathways associated with cognitive impairment, suggesting a potential link
between the molecular mechanisms identified in GD and observed cognitive dysfunction. The integrated analysis of purinergic
signaling pathways, neuroactive ligand-respecter interaction, and DNA binding transcription factor activity offered a comprehensive
view of their interplay in contributing to GD pathophysiology [51-53]. Moreover, our investigation revealed the paramount role of the
neuroactive ligand-respecter interaction pathway in producing thyroid-stimulating immunoglobulins in the GD [50]. These autoan-
tibodies play a pivotal role by binding to and activating the TSHR on the surface of thyroid cells, leading to the overproduction of
thyroid hormones and hyperthyroidism [54,55]. This critical finding provides a molecular understanding of the mechanisms driving
excessive thyroid hormone release in GD patients. Overall, our study sheds light on the intricate interplay of pathways associated with
immune response, inflammation, cognitive dysfunction, and hyperthyroidism, offering valuable insights for potential targeted ther-
apeutic approaches in GD treatment.

Our research utilized computational algorithms to identify that higher expression levels of PRSS1, HCRTR1, and P2RY4 immune
hub genes were linked to specific biological processes in the severe stage of GD. These genes may potentially be used as prognostic
biomarkers to differentiate between GD patients of varying ages and disease stages. Previous studies have demonstrated the
involvement of HCRTR1 and P2RY4 receptors in the development of other autoimmune diseases, including multiple sclerosis (MS),
rheumatoid arthritis (RA), inflammatory bowel disease (IBD), systemic lupus erythematosus (SLE), and type 1 diabetes (T1D) [52,53,
56-58].

In MS, the activation of HCRTR1 and HCRTR2 receptors on immune cells in the brain and spinal cord is linked to inflammation and
demyelination. Targeting these receptors with specific antagonists has been shown to reduce inflammation and improve neurological
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symptoms in animal models of MS. The role of HCRTR1 in GD is not yet fully understood, and ongoing research is being conducted to
elucidate its involvement in this autoimmune disorder. Several studies have suggested that hypocretin and its receptors, including
HCRTR1, may play a role in the pathogenesis of autoimmune diseases by regulating the production and function of immune cells [58,
59]. Hypocretin signaling may also affect the activity of the thyroid gland and play a role in regulating thyroid hormone levels.
However, further research is needed to fully understand the involvement of HCRTR1 in the GD [58,60].

Similarly, P2RY4 receptors have been shown to play a key role in the activation of immune cells and the production of pro-
inflammatory cytokines in RA and IBD [59]. P2RY4 is a gene that encodes for a purinergic receptor, which binds to extracellular
nucleotides and mediates various physiological responses, including immune responses [61]. While there is limited research on the
role of P2RY4 in the immunology of GD specifically, there is evidence to suggest that purinergic signaling pathways may be involved in
the regulation of immune responses, and dysregulation of these pathways may contribute to autoimmune diseases such as GD [52].
Purinergic signaling involves the release of nucleotides, such as adenosine triphosphate (ATP), from cells in response to various
stimuli, including inflammation. These nucleotides can then bind to purinergic receptors on immune cells, leading to the activation of
immune responses [52]. P2RY4 is one such purinergic receptor that is expressed on various immune cells, including T cells, B cells, and
DCs. In GD disease, autoantibodies are produced that bind to and stimulate the TSHR on thyroid cells, leading to increased production
of thyroid hormones and hyperthyroidism [62]. The underlying genetic predisposition and environmental factors, such as inflam-
mation, are believed to trigger the production of autoantibodies in GD. Purinergic signaling pathways are involved in regulating
inflammation and immune responses, and P2RY4-mediated signaling is suggested to play a role in the development and progression of
GD. When purinergic receptors on immune cells are activated, they can produce pro-inflammatory cytokines and chemokines that
contribute to the autoimmune response in GD.

Targeting P2RY4 receptors with specific antagonists has been shown to reduce inflammation and improve symptoms in animal
models of these diseases. HCRTR1 has also been implicated in regulating T cell function and promoting autoantibody production in SLE
[60]. In animal models of SLE, HCRTR1 antagonists have been shown to reduce disease severity and prevent organ damage.
Furthermore, P2RY414 has been shown to promote inflammation and cell death in T1D. In animal models of T1D, targeting P2RY414
with specific antagonists has been shown to protect against beta cell destruction and improve glucose control [63].

Our hub-immunogens express the PRSS1 gene, which encodes for the serine protease enzyme trypsinogen [50,64,65]. This enzyme
is activated to trypsin by enterokinase and is primarily involved in the digestion of proteins in the small intestine. Although there is no
direct evidence that PRSS1 plays a role in the immunology of GDe, studies suggest that dysregulated proteases and protease inhibitors
are associated with autoimmunity and inflammation in GD [66]. Proteases, including serine proteases like PRSS1, play important roles
in various physiological processes, such as inflammation and tissue remodeling [67,68]. In GD, autoantibodies that bind to and
stimulate the TSHR on thyroid cells are produced, leading to increased production of thyroid hormones and hyperthyroidism [69,70].
The production of these autoantibodies is believed to be triggered by a genetic predisposition and environmental factors. Proteases,
such as PRSS1, may play a role in producing and regulating these autoantibodies [50,71]. For instance, proteases can activate
pro-inflammatory cytokines involved in the immune response, and they can break down proteins that act as inhibitors of autoantibody
production, thereby increasing autoantibody production [68].

Understanding the elevated expression of immune hub genes, notably PRSS1, HCRTR1, and P2RY4, in severe stages of GD presents
a transformative opportunity for personalized medicine. These genes, indicative of disease severity, could revolutionize diagnostics by
offering more precise biomarkers. The discovery of heightened expression levels of immune hub genes, specifically PRSS1, HCRTR1,
and P2RY4, in severe stages of GD carries significant clinical implications. These genes demonstrate potential as robust biomarkers,
offering a distinct diagnostic advantage by serving as reliable indicators of GD severity. This molecular insight can greatly improve
diagnostic precision, enabling clinicians to initiate timely and accurate interventions. Beyond diagnostics, the observed upregulation
of PRSS1, HCRTR1, and P2RY4 provides valuable prognostic insights into the trajectory of GD. Monitoring the expression levels of
these genes could establish a predictive framework, allowing healthcare professionals to anticipate the severity trajectory and tailor
management strategies accordingly [74,75]. This prognostic dimension contributes to a more informed and proactive approach to
patient care, potentially mitigating complications associated with severe stages of GD. Moreover, they provide valuable prognostic
insights, aiding in the anticipation and management of complications. The potential for tailored treatment strategies targeting PRSS1,
HCRTR1, and P2RY4 emerges as a novel therapeutic avenue, promising improved treatment efficacy. This shift towards personalized
medicine recognizes the unique genetic profiles of individual patients, fostering innovative approaches and the prospect of more
effective interventions for GD. The insights gained from these analyses provide a deeper understanding of the complex interactions
between stromal and immune cells in the thyroid gland, as well as the molecular mechanisms underlying autoantibody production and
the immune activation [72,73]. The use of these advanced computational tools holds great promise in furthering our knowledge of the
immunology of GDP and in the development of novel and more effective treatments for this autoimmune disorder [72]. HCRTR1 and
P2RY4 receptors may hold promise as potential targets for the development of new treatments [74,75]. However, more research is
needed to fully understand the roles of these receptors in autoimmune diseases and to develop safe and effective drugs targeting these
receptors.

While challenges and considerations exist, the promise of individualized care underscores the significance of incorporating
personalized medicine into the clinical landscape, paving the way for enhanced outcomes in GD management. However, the limita-
tions of our study should be acknowledged, including the small sample size and the lack of functional studies to elucidate the un-
derlying mechanisms of HCRTR1 and P2RY4 in GD. In addition to the acknowledged limitations, our study prompts further avenues for
exploration to deepen our understanding of the immunological intricacies of GD. Firstly, while our bioinformatic analysis identified
potential gene interactions, it remains imperative to delve into the cellular and molecular aspects of these interactions. Future studies
could employ advanced cellular and molecular techniques to unravel the precise mechanisms through which PRSS1, HCRTR1, and
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P2RY4 influence immune responses in GD and potentially in other autoimmune disorders [74]. Secondly, extending our findings to in
vitro and in vivo models would facilitate a more comprehensive exploration of the overexpression and downregulation dynamics of
these genes. Such modeling efforts can unravel their roles in immune dysregulation pathways, shedding light on novel therapeutic
targets. Thirdly, investigating the mutation landscape of PRSS1, HCRTR1, and P2RY4 in GD patients may uncover genetic variations
contributing to disease susceptibility and progression [76]. A focused examination of genetic mutations could provide valuable in-
sights into individualized treatment approaches and enhance our understanding of GD heterogeneity. Finally, comprehensive pathway
analyses elucidating the molecular functions of these genes in GD pathogenesis would be instrumental [77]. Unraveling their roles in
key pathways could unveil potential druggable targets and inform the development of targeted therapies. Ultimately, while recog-
nizing our current limitations, these suggested directions for future research aim to unravel the intricate immunological landscape of
GD and other autoimmune diseases, paving the way for more personalized and effective therapeutic interventions.

5. Conclusions

In summary, our study has developed a model that predicts the prognosis and immunotherapy effectiveness of GD based on an
immunogenic and immune infiltration-associated strategy guided by senescence genes. The model’s performance was validated using
external transcriptome data and immunotherapy data, and a three-gene signature (PRSS1, HCRTR1, and P2RY4) was identified as a
prognostic and therapeutic biomarker for GD. By delving into the potential roles of HCRTR1 and P2RY4 genes in GD pathogenesis and
their potential use as diagnostic biomarkers to differentiate between different disease stages, our study sheds light on the underlying
mechanisms of GD.
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