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Background: Thyroid eye disease (TED) is a common autoimmune inflammatory disease that significantly impairs quality of
life. Mitochondrial metabolism is a key driver for the pathogenesis of inflammatory diseases, yet its role in TED remains poorly
understood. Our study aimed to investigate the mechanisms by whichmitochondrial metabolism contributes to TED and identify
potential treatment targets using a multi-methodological approach.
Methods: We performed a series of bioinformatics analyses, including the identification of differentially expressed genes (DEGs),
Kyoto Encyclopaedia of Genes and Genomes (KEGG) enrichment analysis, immune infiltration assessments, genome-wide asso-
ciation studies (GWAS), and machine learning.
Results: By integrating the datasets GSE58331, GSE105149, and GSE185952, we ultimately screened 14 mitochondria-related
(DEGs) fromTED samples and appliedmachine learning to select diagnosticmarkers. 3 disease-associated diagnostic biomarkers
(Ifi27, Cyba, and Cmpk2) were identified. Immune cell infiltration analysis revealed 4 immune cell types significantly associated
with TED: follicular helper T (Tfh) cells, monocytes, M1 macrophages, and neutrophils. Multiple specific correlations were
observed between these immune cells and the diagnostic biomarkers.
Conclusion: We identified a unique mitochondrial-related genetic signature essential for TED progression, which provides valu-
able insights into immune infiltration. These findings may advance molecular research on TED and offer novel strategies and
therapeutic approaches for this condition.

Keywords: thyroid eye disease; mitochondria-related DEGs; Gene Set Enrichment Analysis; immune infiltration; Kyoto Encyclopaedia
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Introduction

Thyroid eye disease (TED), often referred to as
Graves’ ophthalmopathy, Graves’ orbitopathy, or thyroid-
associated ophthalmopathy (TAO), is typically associated
with Graves’ hyperthyroidism (GH)—a post-globular au-
toimmune disorder [1]. TED is characterised by a systemic
autoimmune attack targeting the orbits and other tissues, in-
cluding the thyroid, skin, and anterior tibialis soft tissues
[2]. Common clinical manifestations include eyelid retrac-
tion, impaired ocular motility, diplopia, and exophthalmos.
In severe cases, dysthyroid optic neuropathy (DON) can re-
sult in irreversible blindness [3–5]. The annual incidence
of TED is approximately 16 cases per 100,000 women and
3 cases per 100,000 men [6]. TAO impairs patients’ vi-
sual function and craniofacial appearance, thereby reducing
their quality of life. Therefore, screening and early diag-
nosis of TAO—which enable timely and effective manage-
ment of the condition—can alleviate the physical and psy-
chological burdens on patients [7]. Due to the wide spec-
trum of clinical manifestations, available treatment options

range from supportive therapy to surgical intervention. Al-
though glucocorticoids [7] and targeted agents (tolizumab
[8] and teprotumumab [9]) can provide partial benefits to
patients, a satisfactory response remains rare [10]. Addi-
tionally, treatment options are limited for patients who are
unresponsive to or intolerant of immunosuppressive thera-
pies. Thus, gaining insight into the underlying molecular
mechanisms of TED is vital to creating novel therapeutic
strategies that can effectively treat the disease, prevent its
recurrence, and improve patient outcomes.

Mitochondria are essential organelles that maintain
cellular energy metabolism and serve as signalling hubs for
preserving cellular biological functions [11]. Growing ev-
idence has demonstrated a strong correlation between mi-
tochondrial dysfunction and the onset and progression of
various ocular diseases. In addition to generating Adeno-
sine triphosphate (ATP), mitochondria are a major source
of reactive oxygen species (ROS) via oxidative phosphory-
lation (OXPHOS). Impaired mitophagy has been reported
to enhance oxidative damage and induce mitochondrial en-
ergy defects, thereby promoting the progression of disease,
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such as tumorigenesis [12], neuroinflammation [12] and
intestinal diseases [13]. Moreover, mitochondrial impair-
ment and oxidative stress in the retinal pigment epithe-
lium are thought to play a significant role in the develop-
ment of age-related macular degeneration [14]. Molecu-
lar danger signals released ROS-producing damaged mito-
chondria trigger a robust inflammatory response via pattern
recognition receptors (PRRs) [15]. Abnormal mitochon-
drial metabolism in immune cells has been documented in
autoimmune diseases, including rheumatoid arthritis [16]
and systemic lupus erythematosus [17]. Accumulating ev-
idence has revealed a potential link between immunity and
mitochondrial metabolism, suggesting that metabolic sta-
tus can influence inflammatory processes by modulating
the immune microenvironment. Abnormal mitochondrial
metabolism is a key mechanism driving inflammation in
chronic disease processes; however, its role in TED and
its interaction with immune cells remain unreported and re-
quire further investigation.

Bioinformatics facilitates the identification of differ-
entially expressed molecules between control and disease
groups by leveragingmicroarray data that exhibit variations
across multiple levels. This approach is widely recognized
as a valuable research tool for investigating the underlying
molecular mechanisms of diseases. In the present study, we
identified a significant association involving mitochondria-
related genes using relevant microarray data from the Gene
Expression Omnibus (GEO) dataset in TED. Furthermore,
we employed machine learning to identify mitochondria-
related diagnostic genes and validate their accuracy for
TED. Additionally, an immune infiltration analysis was
conducted to explore potential correlations between differ-
entially expressed genes (DEGs) and immune cells. The
objective of our research is to enhance the understanding
of how mitochondria-related genes contribute to TED and
provided novel strategies for the diagnosis and treatment of
this condition.

Methods

Acquisition and Processing of RNA Sequencing
(RNA-seq) Data

Here, we followed the methods described by Chenyan
Zhang et al. [18]. Two sets of raw RNA-seq data for
TED patients were extracted from the GEO databases:
GSE58331 (https://www.ncbi.nlm.nih.gov/geo/query/acc.c
gi?acc=GSE58331) and GSE105149 (https://www.ncbi
.nlm.nih.gov/geo/query/acc.cgi?acc=GSE105149). The
GSE58331 expression profile, which includes 8 TED sam-
ples and 7 control samples, was analyzed with GPL570HG-
U133_Plus_2. Similarly, the GSE105149 dataset, com-
prising 4 TED samples and 7 control samples, was ana-
lyzed using the GPL570HG-U133_Plus_2. Another valida-
tion GSE185952 dataset (https://www.ncbi.nlm.nih.gov/g
eo/query/acc.cgi?acc=GSE185952), including 3 TED sam-

ples and 3 control samples) was processed using the plat-
form of GPL30862Agilent- 086360 Shbio Human (4× 180
K) array. The gene expressionmatrices were constructed by
processing the raw RNA-seq data, and the entire analytical
procedure was performed using R software (version 4.4.1,
maintained by the R Foundation for Statistical Computing,
Vienna, Austria).

GO and KEGG Analysis
The “clusterprofile” package (v4.12.6, hosted on Bio-

conductor (https://bioconductor.org/), Hong Kong, China)
[19,20] was employed to perform Gene Ontology (GO) en-
richment analysis on the DEGs, with a significance thresh-
old where the p-value was set to <0.05. Besides, pathway
enrichment, including Kyoto Encyclopaedia of Genes and
Genomes (KEGG) Pathways and WikiPathways, was ana-
lyzed for the DEGs using Enrichr (https://maayanlab.clou
d/Enrichr/).

Acquisition for Mitochondria-Related DEGs
(MitoDEGs)

A total of 1136 mitochondria-related genes were
retrieved from MitoCarta3.0, a mitochondrial protein
database (http://www.broadinstitute.org/mitocarta). From
the matrices of the GSE58331 dataset and GSE105149
datasets, DEGs between TED and control samples were
screened using the “limma” package (v3.60.5, hosted on
Bioconductor, Melbourne, Victoria, Australia) [21]. Genes
with |log2FC| >0.585 and a p-value < 0.05 were con-
sidered to be significantly differentially expressed (DEGs)
[22]. The screened DEGs were visualized via volcano plots
generated with the R package “ggplot2” (v3.5.1) [23], and
heatmaps created using the R package “ComplexHeatmap”
(v2.20.0, hosted on Bioconductor (https://bioconductor.org
/), Hong Kong, China) [24]. MitoDEGs were identified as
the intersection of mitochondria-related genes and DEGs
using Jvenn [25].

Construction of PPI Networks and Hub Gene
Discovery

The protein-protein interaction (PPI) networks of
MitoDGEs were retrieved from the STRING database
(https://string-db.org/). For network construction, gene in-
teractions with a combined score of ≥0.4 were selected,
and these PPI networks were visualized using Cytoscape
(v3.8.2, Cytoscape Consortium, Seattle, WA, USA). Sub-
sequently, hub MitoDEGs were identified using the Cy-
toscape plug-in CytoHubba based on various algorithms.

Acquisition of Hub MitoDEGs Is Key to TED
To identify genes critical to TED, we further ana-

lyzed the association between hub mitochondrial differ-
entially expressed genes (hub MitoDEGs) and the risk of
TED development using the Comparative Toxicogenomics
Database (CTD; http://ctdbase.org/). The CTD database is
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an online resource that compiles information on interac-
tions between drug-gene products, functional phenotypes,
and their relationships to diseases, and it was used here to
investigate disease-associated genes andmedical drug-gene
interactions [26].

Hub MitoDEGs-Regulatory Network Construction
Transcription factors (TFs) were retrieved from the

JASPAR database (https://jaspar.elixir.no/), an improved
open-access repository of transcription factor binding pro-
file. Subsequently, we analyzed the JASPAR database uti-
lizing the NetworkAnalyst platform (https://www.networka
nalyst.ca/) to identify topologically viable TFs commonly
associated with our hub MitoDEGs. NetworkAnalyst is
an online platform specifically designed to facilitate meta-
analysis of gene expression data, thereby enabling a com-
prehensive examination of biological mechanisms and their
resulting effects. Concurrently, the ‘NetworkAnalyst’ tool
was used to identify miRNAs associated with these hubMi-
toDEGs from MiRTarBase, the primary online repository
for miRNA and target gene relationships [18,27].

Immune Infiltration Analysis
The immune cell composition in both the TED group

and the control group was analyzed using the “CIBER-
SORT” package (v1.0, Stanford University, Stanford, CA,
USA), a tool that deconvolves the expression matrix of im-
mune cell subtypes by applying the principle of linear sup-
port vector regression. It is the most frequently cited ana-
lytical tool for estimating immune cell infiltration.

GSEA Analysis
Gene Set Enrichment Analysis (GSEA) enables in-

depth exploration of biological processes perturbed under
specific phenotypic or disease conditions. This is achieved
by ranking genes according to their differential expression
patterns and leveraging a collection of predefined gene sets
[28]. GSEA was conducted to investigate the potential
molecular mechanisms and signaling pathways of hub Mi-
toDEGs in TEDpatients using the “clusterProfiler” package
[28]. The “c2.cp.v7.2.symbols.gmt”, file was selected as
the reference gene set for analysis. The enriched pathways
were ranked by normalized enrichment scores, and those
with a p-value < 0.05 were selected for further analysis. A
total of 1000 permutations were performed, with the permu-
tation targeting the phenotype. This indicates that pheno-
type labels were randomly rearranged during the analysis.
The results were visualized using the “ggplot2” package.

Machine Learning Analysis
For machine learning analysis, least absolute shrink-

age and selection operator (LASSO) regression was per-
formed on these hub MitoDEGs using “glmnet” package
(v4.1.8, CRAN, Stanford, CA, USA) [29]. In addition to
these methods, the Support Vector Machine Recursive Fea-

ture Elimination (SVM-RFE) algorithm and the Random
Forest (RF) algorithm were employed to screen for poten-
tial candidate genes. LASSO regression was employed to
select feature variables and construct the optimal classifica-
tion model by identifying for the λ value (λ = 0.02299332)
that minimizes classification error. The SVM-RFE algo-
rithm, a machine learning technique based on support vec-
tor machine principles, works by searching for the opti-
mal SVM model using the complete feature set within the
dataset, and the “e1071” package (v1.7.16, CRAN, Vienna,
Austria) was employed for its implementation. The RF al-
gorithm, a machine learning approach built on decision tree
algorithms, is implemented using the “randomForest” pack-
age (v4.7.1.2, CRAN, Kenilworth, NJ, USA) and is widely
used to address both regression and classification problems.
With notable robust performance even with small sample
sizes [30]. In this study, the outputs of the three machine
learning algorithms were intersected to identify genes with
potential diagnostic value for TED. The intersection results
were subsequently visualized and subjected to further anal-
ysis.

Genome-Wide Association Study (GWAS Analysis)
GWAS analysis of the genes was performed using the

Gene Atlas database (http://geneatlas.roslin.ed.ac.uk/). De-
rived from the UKBiobank cohort, this database serves as a
comprehensive archive containing associations amongmul-
tiple traits and millions of variants, including 778 pheno-
types and 30 million loci. This large-scale database enables
the identification of genetic variations associated with spe-
cific traits or diseases, thereby facilitating an in-depth un-
derstanding of the underlying biological mechanisms.

Statistical Analyses
Differences between two groups were evaluated us-

ing an unpaired Student’s t-test, while differences among
multiple groups were analyzed using one-way or two-way
ANOVA, followed by a Tukey post-hoc test. For correla-
tion analysis, the Spearman rank-order correlation test was
employed. Statistical significance was set at a p-value <

0.05.

Results

Identification of DEGs in TED
The study flowchart is depicted in Fig. 1. Two TED-

related GEO datasets, GSE58331 and GSE105149, were
downloaded for analysis. After excluding genes with-
out matching gene symbols, differential analysis identi-
fied 7085 DEGs in the GSE105149 dataset, including
2484 downregulated genes and 4601 upregulated genes;
3952 DEGs were screened in the GSE58331, comprising
2541 downregulated genes and 1411 upregulated genes.
These DEGs were displayed as volcano plots and heatmaps
(Fig. 2A–D and Supplementary Table 1). Subsequently,
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Fig. 1. Workflow diagram of the study. GEO, Gene Expression Omnibus; DEGs, differentially expressed genes; KEGG, Kyoto
Encyclopaedia of Genes and Genomes; GSEA, Gene Set Enrichment Analysis; PPI, protein-protein interaction. **p < 0.01. Created by
Photoshop 2023 (Adobe Inc., San Jose, CA, USA).

we further analyzed potential signaling pathways associated
with DEGs using GSEA. As shown in Supplementary Fig.
1 and Supplementary Table 2, most DEGs across the two
datasets were associated with pathways such as adherens
junction, the spliceosome, the proteasome, and the tight
junction.

Enrichment Analysis of DEGs in TED

Functional and pathway enrichment analyses of the
DEGs were conducted using GO and KEGG analyses. The
results showed that DEGs from the two datasets were pri-
marily enriched in the GO-biological process (BP), includ-
ing negative regulation of programmed cell death, apop-
totic process, and negative regulation of apoptotic pro-
cess. For GO-cell component (CC), these DEGs were
mainly enriched in the focal adhesion, nucleolus, and nu-
cleus and cell-substrate junction. Meanwhile, in terms of
GO-molecular function (MF), the DEGs were primarily en-
riched in cadherin binding and RNA binding (Fig. 3A,D
and Supplementary Tables 3,4). Additionally, KEGG
enrichment analysis results revealed that DEGs from the
two datasets were significantly enriched in pathways, such
as protein processing in the endoplasmic reticulum, au-
tophagy, shigellosis, pathogenic escherichia reticulum, the
peroxisome proliferator-activated receptors (PPAR) signal-
ing pathway, the mechanistic target of rapamycin (mTOR)
signaling, Th17 cell differentiation and the Hippo sig-

naling pathway (Fig. 3B,C,E,F and Supplementary Ta-
bles 5,6). Furthermore, the results of the WikiPathways
(WP) enrichment analysis indicated that these DEGs were
significantly enriched in vascular endothelial growth fac-
tor A (VEGFA)/vascular endothelial growth factor re-
ceptor 2 (VEGFR2) signaling pathway, mRNA process-
ing, G protein signaling pathway, epidermal growth fac-
tor (EGF)/epidermal growth factor receptor (EGFR) sig-
naling pathway, IL24 signaling pathway, Interleukin 1
(IL1) structural pathway, and TGF-β signaling pathway
(Supplementary Fig. 2A–D and Supplementary Tables
4,6).

Identification MitoDEGs in TED

To further identify mitochondrial metabolic-related
genes in TED, mitochondrial-related genes were retrieved
from the MitoCarta3.0 dataset. These genes were over-
lapped with the DEGs from the two TED datasets, and was
identified as mitochondrial-related DEGs (MitoDEGs). A
total of 160MitoDEGs were identified, including 68 down-
regulated genes and 92 upregulated genes in TED samples
compared to normal samples (Fig. 4A,B). A PPI network
was constructed using the STING databases to further ex-
plore the interactions between the above MitoDEGs. As
shown in Fig. 4C, 989 nodes were visualized using the Cy-
toscape program. Additionally, hub genes among these Mi-
toDEGs were identified using the Cytoscape plug-in “cyto-
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Fig. 2. Identification of DEGs between normal and thyroid eye disease (TED) groups. (A,B) DEGs were identified in the GSE58331
dataset (A) and GSE105149 dataset (B) displayed in the volcano plot. Cut-offs were set at |log2FC| >0.585 with p < 0.05 indicating
significance. Red dots represent upregulated DEGs, while green dots represent downregulated DEGs. (C,D) The heatmap of DEGs
between normal and TED groups. Green: low expression level; Red: high expression level.

Hubba” based on the degree of connectivity scores via four
algorithms: Degree, Maximal Clique Centrality (MCC),
Density of Maximum Neighborhood Component (DMNC)
andMaximumNeighborhoodComponent (MNC). After in-
tegrating the top 50 hub genes from each of the four al-
gorithms, 30 common hub genes were identified across
all four algorithms (Fig. 4D,E). These common hub genes
from both datasets were then visualized separately using
heatmaps (Fig. 4F,G).

Relationship Between TED and Hub MitoDEGs

To further identify genes significantly associated with
TED, the CTD dataset was utilized to predict the relation-

ship between TED and hub MitoDEGs. Consequently, 14
genes exhibited the strongest association with TED among
these 30 common hub MitoDEGs (Fig. 5A,B).

Prediction of TFs and miRNAs Regulatory Network
Analysis of TED-Related Hub MitoDEGs

Subsequently, we employed a network-based
approach to investigate regulatory TFs and post-
transcriptional miRNAs, with the aim of characterizing
the regulatory molecules associated with TED-related hub
MitoDEGs. The resulting TFs-miRNAs-Hub MitoDEGs
regulatory network was visualized using Cytoscape.
Fig. 5C,D provides a comprehensive overview of the 43
TFs and 17 miRNAs that exerted regulatory control over
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Fig. 3. Enrichment analysis of functions and pathways for DEGs from GSE58331 and GSE105149. (A,D) The enriched Gene
Ontology (GO) terms of DEGs in GSE58331 and GSE105149. (B,C,E,F) KEGG pathway enrichment results of DEGs in GSE58331 and
GSE105149.

multiple TED-related hub MitoDEGs. These findings
suggest that these TFs or miRNAs may have potential
regulatory effects on the expression levels of hub genes.
However, further research is required to validate these
observations.

Immune Infiltration in TED

TED is an inflammatory disorder characterized by
orbital tissue involvement. To better elucidate the im-
munomodulation processes in TED, immune cell infiltra-
tion patterns were assessed utilizing the CIBERSORT al-
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Fig. 4. Construction of the PPI network and identification of hub MitoDEGs. (A,B) Venn diagrams illustrated the number of
overlapping downregulated and upregulated DEGs among the GSE58331 dataset, GSE105149 dataset, and MitoCarta3.0 database. (C)
PPI networks construction of MitoDEGs. (D) Venn diagram of the hub MitoDEGs extracted by the three algorithms based on the
Cytohubba. (E) The network of the common 30 hub MitoDEGs were displayed in Cytoscape. (F,G) The heatmap of 30 hub MitoDEGs
both in GSE58331 and GSE105149.

gorithm. The bar plot (Fig. 6B) displays the proportion of
each of the 22 immune cell types in individual samples from

both the TED and control groups. Compared to the con-
trol group, the TED group exhibited higher levels of fol-

https://www.discovmed.com/


1935

Fig. 5. Associations between hub MitoDEGs and TED. (A,B) Hub MitoDEGs related to TED based on the Comparative Toxicoge-
nomics Database (CTD) database. (C) The regulatory network of TF–hubMitoDEGs: The red dots indicateMitoDEGs and green squares
indicate TFs. (D) miRNA–hub MitoDEGs regulatory network: The green dots indicate MitoDEGs and pink squares indicate miRNA.

licular helper T cells, monocytes, M1 macrophages, and
neutrophils. In contrast, the proportion of plasma cells was
lower in the TED group (Fig. 6A–C). Further analysis of
immune cell infiltration in TED revealed multiple correla-
tions between immune cell types. Correlation analysis of
the 22 immune cell types revealed that monocytes were pos-
itively associated with dendritic cells (r = 0.64), neutrophils
were positively related to activatedmast cells (r = 0.61), M1
macrophages were positively correlated with regulatory T
cells (r = 0.61), memory B cells were positively related to
CD8+ T cells (r = 0.56), and M1 macrophages were neg-
atively associated with plasma cells (r = –0.56) (Fig. 6D).
These findings indicated that various immune cells exhibit
differential infiltration in TED patients, which may serve as
a potential target for modulating TED treatment.

The Screen of Potential Candidate Genes for TED
via Machine Learning

Subsequently, we employed the LASSO regression,
SVM-RFE, and RF machine learning algorithms to identify
candidate genes for nomogram development and diagnos-
tic value assessment based on GSE58331 and GSE105149

dataset. As shown in Fig. 7A–C, the LASSO regression
algorithm and SVM-RFE identified 4 and 8 potential can-
didate biomarkers, respectively. Furthermore, the RF al-
gorithm prioritizes genes based on their assessed signifi-
cance (Fig. 7D,E). The intersection of the 4 most signifi-
cant genes from the RF analysis, the 4 prospective candi-
date genes obtained from the LASSO regression, and 8 po-
tential prognostic genes in SVM-RFE was visualized via a
Venn diagram. A total of 3 genes (Ifi27, Cyba and Cmpk2)
were identified as potential diagnostic markers for final val-
idation (Fig. 7F). We further assessed the predictive value
of the 3 potential markers using datasets GSE58331 and
GSE105149. In both datasets, Ifi27, Cyba and Cmpk2 were
significantly upregulated in the TED samples compared to
the control samples (Fig. 7G and Supplementary Fig. 3A).
Additionally, receiver operating characteristic (ROC) anal-
ysis confirmed that Ifi27, Cyba and Cmpk2 could accu-
rately predict TED, with AUC of 0.887, 0.810 and 0.815
in GSE58331 (Fig. 7H), and 0.768, 0.821 and 0.750 in
GSE105149 (Supplementary Fig. 3B). We then analyzed
the expression levels and ROC analysis of these three genes
in another dataset (GSE58331, including 27 orbital tissue
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Fig. 6. Expression of immune cells. (A) Expression levels of immune cells in the normal group versus the TED group. (B) Stacked
bar graphic illustrating the distribution of immune cells. (C) Heatmap depicting the distributions of the 22 immunological cell types.
(D) Analytical of the correlation among several immune cell types. not significant, p > 0.05; significant, p < 0.05 (unpaired two-tailed
Student’s t test; mean ± SD).

samples and 21 control tissue samples) and analyzed the
expression levels of these genes in GSE185952 dataset (3
orbital tissue samples and 3control tissue samples). The

results indicated that the mRNA levels of all three genes
were upregulated in the orbital tissue from TED patients
compared to healthy controls (Supplementary Fig. 3C,E).
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Fig. 7. Identification and validation of diagnostic biomarkers for TED in GSE58331 andGSE105149. (A) Cross-validation for least
absolute shrinkage and selection operator (LASSO) regression to fine-tune parameter selection. (B) The LASSO logistic regression anal-
ysis of hub MitoDEGs. (C) Support Vector Machine Recursive Feature Elimination (SVM-RFE) algorithm analysis of hub MitoDEGs.
(D) Analyzing DEGs with a random survival forest. (E) 4 genes were identified as final markers with varied relative relevance >1.
(F) Venn showing intersection of lasso, Random Forest (RF) and SVM-RFE core genes. (G) The expression of diagnostic biomarkers
based on the GSE58331 dataset. (H) The receiver operating characteristic (ROC) curve of diagnostic biomarkers based on the GSE58331
dataset. **p < 0.01, and ***p < 0.001 (unpaired two-tailed Student’s t test; mean ± SD).

In addition, these genes showed a high diagnosis value
for TED patients, with a ROC of 0.869, 0.739 and 0.721
(Supplementary Fig. 3D).

Correlation Analysis of Immune Cells and Hub
MitoDEGs

Next, the potential association between hub Mi-
toDEGs and immune cells were analyzed using the Spear-
man’s rank correlation method. Fig. 8A–C illustrates the
positive and negative associations between these three po-
tential genes (Ifi27, Cyba and Cmpk2) and immune cells.
Among three potential genes, Ifi27 was positively asso-
ciated with neutrophils, monocytes and M1 macrophages
but negatively correlated with naïve B cells, naïve CD4+T
cells, and gamma delta T cells (γδT cells). Cyba showed

positively associated with neutrophils, monocytes, M1
macrophages and regulatory T cells. Cmpk2 was positively
associated with neutrophils, monocytes, M1 macrophages
and activated mast cells while negatively associated with
memory B cells.

GSEA Enrichment Analysis of the Hub MitoDEGs
Based on the characterization of the diagnostic genes,

Ifi27, Cyba and Cmpk2 were identified as the genes most
likely to be associated with TED. We then explored the im-
pact of these three genes on signaling pathways involved
in TED pathogenesis by analyzing the specific signaling
pathways associated with these potential genes. GSEA re-
sults showed that the high expression of Ifi27 andCybawas
mainly enriched in pathways such as Type I diabetes mel-
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Fig. 8. Examination of the relationship between immune cells and diagnostic biomarkers. (A–C) Correlation analysis between the
immune cells and Ifi27, Cyba or Cmpk2. not significant, p > 0.05; significant, p < 0.05 (the red data) (unpaired two-tailed Student’s t
test; mean ± SD).

litus, Systemic lupus erythematosus, and Asthma. In con-
trast, the high expression of Cmpk2 was primarily enriched
in signaling pathways, including Vibrio cholerae infection,
Protein export, and Proteasome (Supplementary Fig. 4).

GWAS Analysis of Hub Genes

To further investigate the mechanisms by which these
three genes contribute to TED, we identified the pathogenic
regions of these three candidate genes in TED through
analysis of GWAS data (Fig. 9A,B). Additionally, the
pathogenic regions of single nucleotide polymorphisms

(SNPs) corresponding to the three candidate genes—Ifi27,
Cyba and Cmpk2 are presented. The results revealed that
Ifi27 is located within the pathogenic region of chromo-
some 14, Cyba resides in the pathogenic region of chromo-
some 16, and Cmpk2 is situated in the pathogenic region of
chromosome 2 (Fig. 9C–E).

Discussion

Thyroid eye disease (TED) is one of the most com-
mon autoimmune inflammatory diseases, exerting a pro-
found impact on both the physical and mental well-being
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Fig. 9. Genome-wide association studies (GWAS) analysis of Ifi27, Cyba or Cmpk2. (A) Manhattan plot of the GWAS. (B) Q-Q plot
of the GWAS. (C) Chromosomal localization of Ifi27 in the pathogenic region of chromosome 14. (D) Chromosomal location of Cyba
inside the pathogenic region of chromosome 16. (E) Cmpk2 was situated in the pathogenic locus of chromosome 2.

of affected patients [31]. Unfortunately, current therapeu-
tic approaches for TED cannot satisfactorily alleviate the
inflammatory response during the acute phase of the disease
or correct its long-term sequelae [32]. Furthermore, its pre-
cise molecular mechanisms have not been fully elucidated.
In this context, it is essential to improve our understand-
ing of the etiology of TED and identify potential therapeu-
tic targets. Here, MitoDEGs were obtained from the TED-
related microarray dataset and the MitoCarta3.0 database
using multiple bioinformatics approaches. Subsequently,
we conducted functional and pathway enrichment analyses
of these MitoDEGs utilizing GO, KEGG and GSEA. We
performed a correlation analysis between TF/miRNA and
MitoDEGs and identified disease-related diagnostic genes

through multiple deep machine learning analyses and cor-
relation analyses with immune cells in TED. This study
aimed to investigate mitochondrial metabolism and its reg-
ulatory role in TED pathogenesis, as well as to explore re-
lated targets. The results of this study may enhance our un-
derstanding of mitochondrial metabolic pathways in TED,
along with immunity and their interactions in the disease.

Currently, there remains a gap in the bioinformatics re-
search on mitochondria-related genes in TED. For the first
time, we retrieved mitochondria-related genes from the Mi-
toCarta3.0 database and identified 160 MitoDEGs associ-
ated with TED. Three potential targets—Ifi27, Cyba and
Cmpk2, were identified through the integration of a multi-
modal analysis model, along with the CTD database, Lasso
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regression, SVM-RFE and RF algorithms. Validation us-
ing external datasets confirmed the high expression of these
three genes in TED patients and diagnostic value.

Mitochondrial metabolism dysfunction is one of the
key pathogenetic mechanisms in chronic inflammation-
related disease [33]. Elevated expression of Interferon al-
pha (IFN-α) inducible protein 27 (IFI27) has been shown
to be associated with immune response and mitochondrial
dysfunction [34]. Research has shown that IFI27 con-
tributes to tumorigenesis by regulating IFN-induced apop-
tosis, cell proliferation, and immune responses [35]. Ad-
ditionally, IFI27 is significantly upregulated in salivary
gland samples from Primary Sjogren’s syndromes (pSS),
where it induces IFN-α secretion to drive disease pro-
gression [34]. Consistent with these findings, increased
IFI27 transcript levels have been observed in TED pa-
tients. Cytidine monophosphate kinase 2 (CMPK2) is a
mitochondrial nucleotide monophosphate kinase that reg-
ulates mitochondrial DNA synthesis. Its deficiency can
lead to mitochondrial DNA depletion syndrome [36], re-
ducing ATP production and causing structural disorganisa-
tion of mitochondrial cristae [37]. Experimental evidence
has demonstrated that upregulated CMPK2 enhances IFN-
α-induced ROS production and inflammasome activation,
thereby promoting atherosclerosis in systemic lupus ery-
thematosus (SLE) [38]. Moreover, hepatocellular expres-
sion of CMPK2 drives the development of steatohepatitis
by mediating metabolic dysfunction [39]. Furthermore, re-
search has reported significant increased CMPK2 expres-
sion in pSS compared to healthy individuals, rendering it a
promising biomarker for diagnosing pSS and assessing dis-
ease activity [38]. Cytochrome b-245 alpha chain (CYBA)
encodes the p22/phox protein, which binds to NOX to form
a complex that serves as a major source of cellular reactive
oxygen species (ROS) [40]. In patients with OA, p22 is
upregulated and regulates ROS production and IL-1β syn-
thesis [41]. Additionally, by activating the NLRP3 inflam-
masome, P22 can induce N-GSDMD-dependent pyroptosis
and the production of IL-1β and IL-18 [42]. In Aβ-induced
retinal pigment epithelial cell injury, p22 activation triggers
ROS production and mitochondrial dysfunction [43]. Col-
lectively, these findings suggest that increased expression
of IFI27, CMPK2, and CYBA in TED patients may accel-
erate the disease progression by exacerbatingmitochondrial
dysfunction and promoting ROS production and inflamma-
tion.

Metabolic status and immune processes engage in
bidirectional crosstalk [44]. Immune dysregulation plays
a critical role in the progression of TED. In this study, we
use CIBERSORT to characterize the immune landscape in
TED and identified higher enrichment of several immune
cell populations, including follicular helper T (Tfh) cells,
Monocytes, Macrophages M1 and Neutrophils in the TED
group compared to the control group. Previous research
has clearly demonstrated that TED patients exhibit higher

neutrophil-to-lymphocyte ratio (NLR) and monocyte-to-
HDL cholesterol ratio (MHR) than healthy controls, with
elevated MHR and NLR values associated with more se-
vere and active diseases [45]. CD169+ classical mono-
cytes accumulate in orbital tissue via the Cxcl12-Cxcr4 axis
[46]. In active chronic inflammatory diseases, the number
of CD86+ M1-like macrophages increases significantly,
which correlates closely with the activation of inflamma-
tory activity [47]. Regulatory T (Treg) cells are essential
for maintaining self-tolerance, and their elevation is linked
to the pathogenesis of inflammatory diseases [48]. For
instance, the dysregulated Treg cells in epithelial cells of
obese patients can promote IL-17A-mediated psoriatic in-
flammation by enhancing IL-17A-driven inflammatory re-
sponses [49]. Additionally, the frequency of Treg cells
is increased in patients with GO [50], where they interact
with B cells to induce antibody production [51]. Mitochon-
drial metabolism exerts a substantial influence on the reg-
ulation of immune cell response. Studies have shown that
mitochondrial dysfunction in macrophages inhibits the re-
polarization of M1 macrophages to M2 phenotype [52,53],
mediates the immunoinflammatory microenvironment, and
suppresses tissue repair after myocardial infarction [54].
The production of cellular reactive oxygen species (ROS)
is primarily dependent on the mitochondrial respiratory
chain, and impaired ROS production is beneficial for M2
macrophage polarization and anti-inflammatory responses
[55]. Here, our correlation analysis revealed positive asso-
ciation between Ifi27, Cmpk2, Cyba and both Macrophages
M1 and Neutrophils. Furthermore, Ifi27 showed a nega-
tive correlation with naïve B cells, while Cmpk2 was neg-
atively associated with memory B cells. Researchers have
confirmed that Ifi27 exerts a pro-inflammatory effect by in-
ducing the infiltration of pulmonary macrophages. More-
over, during the progression of liver cirrhosis, Ifi27 induces
the shift of macrophages toward an M1-like phenotype,
thereby promoting the production of pro-inflammatory fac-
tors and oxidative stress [56]. High expression of Cmpk2 in
macrophages promotes neuroinflammation and brain dam-
age following ischemic stroke [57]. Meanwhile, a study has
confirmed that targeting Cyba can inhibit the inflammatory
response of M1 macrophages by reducing the production
of ROS, thereby alleviating acute liver injury [58]. Mean-
while, GSEA results indicate that high expression levels of
IFI27 and CYBA are associated with type 1 diabetes, sys-
temic lupus erythematosus, and asthma. All these diseases
are linked to dysregulation of autoimmune cells. Therefore,
mitochondrial metabolism may also regulate the progres-
sion of TED by mediating macrophage reprogramming.

Conclusion

In summary, bioinformatics analysis of TED un-
covered previously unrecognized connections between
the immunological microenvironment and mitochondrial
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metabolism. Three potential prognostic biomarkers (Ifi27,
Cmpk2 and Cyba) associated with mitochondrial dysfunc-
tion were identified through machine learning, offering
potential molecular targets for TED research and ther-
apy. However, our study has certain limitations. First,
we lacked experimental validation of the hub genes’ roles
(Ifi27, Cmpk2 and Cyba) in inflammation and additional
clinical data support. Secondly, despite the rigorous bioin-
formatics analyses conducted, the sample size of the origi-
nal dataset used in the construction of the machine learning
model in this study is relatively small, and further validation
with a larger cohort is required in subsequent research. Fur-
thermore, although GWAS results indicate that these genes
are associated with the disease, additional follow-up experi-
ments are still required for validation. Therefore, additional
in vivo and in vitro studies, along with the collection of rel-
evant clinical patient data, are still required to further val-
idate the expression levels of these diagnostic biomarkers.
This novel research direction will be the focus of our sub-
sequent investigations.
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