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Previous research suggests mitochondrial apoptosis alleviates rheumatoid arthritis (RA), but the

role of mitochondrial apoptosis-related genes (MARGs) is unclear. Urgent exploration of RA-related
mitochondrial apoptosis biomarkers is needed. Gene Expression Ontology (GEO)-derived RA datasets
were used to identify differentially expressed genes (DEGs) compared to normal controls, intersected
with MARGs to obtain differentially expressed mitochondrial apoptosis-related genes (DE-MARGsS).
Three ML algorithms screened diagnostic biomarkers. A nomogram was built and validated by receiver
operating characteristic (ROC) analysis. Gene Set Enrichment Analysis (GSEA), regulatory network,
and drug prediction explored biomarker mechanisms. Finally, key cells analysis included clustering,
type annotation, pseudo-temporal study, and interaction, focusing on validated biomarker expression
in those cells. A total of 147 DE-MARGsS linked to energy & ROS metabolism were identified. Four
validated biomarkers (MRPS10, EEF2, HSPA9, TUFM) formed a new RA diagnostic model. Moreover,
GSEA linked them to oxidative phosphorylation. YY1 requlates EEF2, HSPA9, MRPS10; FOXO3
regulates EEF2, TUFM. Drugs like Nonoxynol-9, Nedocromil, Gadobutrol target these biomarkers.

In addition, biomarkers are expressed in plasmablasts, with CD74 as a key receptor binding multiple
ligands. RA biomarkers (MRPS10, EEF2, HSPA9, TUFM) linked to energy & ROS, progression tied to
AMPK/mTOR, CD74-MIF crucial. Study advances RA pathogenesis knowledge, supporting clinical
diagnosis.

Keywords Rheumatoid arthritis, Mitochondrial apoptosis, Biomarker, Single-cell sequencing, Reactive
oxygen metabolism, AMPK/mTOR signaling pathway

Rheumatoid arthritis (RA) is an autoimmune disease characterized by swollen joints, pain, and stiffness as its
main symptoms, accompanied by synovial hyperplasia and inflammatory cell infiltration within the joint!. As is
widely known, RA not only affects the bones and joints but also impacts extra-articular organs such as the heart,
eyes, lungs, and blood vessels, shortening the life expectancy of approximately one in five adults worldwide!-2.
Although the early treatment could alleviate joint deformities and joint damage, the current treatments for
RA mainly focus on symptom relief, deformity correction, and functional rehabilitation exercises, the overall
efficacy is far from satisfactory>*. Therefore, there is a pressing need to explore the key genes associated with RA
and discover more useful therapeutic targets for RA.

Mitochondria are the “powerhouses” of eukaryotic cells, producing ATP through the tricarboxylic acid cycle
and oxidative phosphorylation®.They are involved in various biological processes, such as signal transduction,
reducing oxidation, cell cycle regulation and apoptosis. Apoptosis is a programmed mechanism of cell death,
and the apoptosis of mitochondria is associated with a wide range of pathology.Mitochondrial homeostasis
imbalance can lead to the development of autoimmune rheumatic diseases®’. Reactive oxygen species (ROS)
play an important role in mitochondrial apoptosis, which can directly damage mitochondrial DNA to induce
apoptosis of fine cells®, In response to DNA damage or cellular stress, pro-apoptosis protein activation opens
the permeable transition pore (PTP), accumulates ROS, and triggers apoptosis’. Abnormal regulation of
mitochondrial apoptosis affects ROS production and release, and indirectly affects synovial inflammation
and joint damage!’. In recent years, it has been found that the internal environment imbalance caused by
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mitochondrial damage plays a key role in the pathology of rheumatoid arthritis (RA)!!, such as cold air plasma
can improve RA through mitochondrial apoptosis pathway and inhibit synovial hyperplasia'? Previous studies
have focused on ROS accumulation and its association with synovial inflammation and joint injury, but the
mechanisms by which mitochondrial apoptosis affects RA and the role of mitochondrial-associated genes
(MARGS) in RA remain unclear. Therefore, this study is no longer limited to the already widely studied aspects
of ROS and disease phenotype, extending its focus to the mechanisms by which mitochondrial apoptosis affects
rheumatoid arthritis (RA) and the role of mitochondrial-associated genes (MARGs) in RA.

Therefore, this study combined single-cell RNA-seq andbulk transcriptomic data to identify the detailed
mechanisms of mitochondrial apoptosis in RA at the cellular and molecular levels.Our aim was to identify key
genes associated with mitochondrial apoptosis in RA and to establish an early diagnostic model for the disease,
which will provide new references for the clinical diagnosis and treatment of RA.

Results

Functional enrichment analysis of 147 DE-MARGs

A total of 889 DEGs were identified between RA and control samples in the GSE17755, with 491 DEGs were up-
regulated and 398 DEGs were down-regulated (Fig. 1a). The 889 DEGs were taken to intersect with MARGs, and
atotal of 147 DE-MARGsS were obtained (Fig. 1b). Next, showed the GO functional enrichment results of the 147
DE-MARGs, among which the most notable ones were ‘mitochondrial inner membrane’, ‘mitochondrial matrix,
‘response to oxidative stress, ‘generation ofprecursor metabolites and energy, ‘mitochondrial protein-containing
complex;, ‘organelle outer membrane, and etc. (Fig. 1c). Then, the KEGG functions of 147 DE-MARGs were
mainly distributed in the areas of ‘diabetic cardiomyopathy’, ‘apoptosis, and ‘necrosis’ (Fig. 1d). Subsequently, a
very strong linkage between these 147 DE-MARGs was clearly demonstrated in the PPI network (Fig. le), such
as the strongest interaction between genes ACTB, HSP90ABI and GAPDH.

Determined diagnostic biomarkers for RA

A total of 11 candidate feature genes were screened by performing 10-fold cross-validation in LASSO logistic
regression atalambda_. (lambda value at the lowest cross-validation error rate) of 0.03367 (Fig. 2a).Meanwhile,
the SVM-RFE algorithm identified the 20 most important candidate feature genes for predicting RA (Fig. 2b,c).
Then the Boruta algorithm then filters out 23 important candidate feature genes (Fig. 2d), and based on the
importance rankings, the top10 genes were selected for subsequent analysis. Finally, a total of seven diagnostic
biomarkers (MRPS10, CFL1,EEF2, HSPA9, CDC42, TUFM, and HSPA8) were obtained for subsequent analysis
by overlapping genes from LASSO, SVM-RFE and Boruta algorithm (Fig. 2e).

The performance of the diagnostic model

The AUC values of these seven diagnostic biomarkers related to mitochondrial apoptosis in the ROC curves were
all greater than 0.9, thus indicating that these seven genes have a strong clinical diagnostic value for RA (Fig. 3a).
Subsequently, validation in the GSE93272 dataset yielded significant differences in the expression of MRPS10,
EEF2, HSPAY, and TUFM and the trend was consistent with the GSE17755 dataset.In these two datasets, except
for the upregulation of MRPSI10, the other three genes were down - regulated (Fig. 3b,c). Moreover, the RT-
qPCR results reveal that EEF2, HSPA9, and TUFM were notably down-regulated in clinical RA sample. However,
the results of MRPS10 and the database exhibited a contrasting trend, with no significant difference observed
in expression levels between the groups (Fig. 3d). Next, the nomogram model can be used clinically to the
diagnose of RA disease (Fig. 3¢). The ROC curve of the nomogram model showed an accurate predictive value
(AUC>0.9) (Fig. 3f). In the DCA, the nomogram curve was higher than the gray line as well as the curves of
MRPS10, HSPA9, TUFM, and EEF2 (Fig. 3g), which implied that the model has significant discriminative ability
and clinical utility in predicting RA at a high risk threshold of 0-1. And the results of the clinical impact curve
also proved the significant predictive ability of the nomogram model (Fig. 3h).

GSEA and functional network of biomarkers

The relevant signaled pathways to which these 4 biomarkers were enriched to were demonstrated, and the results
showed that they were mainly involved in ‘ribosomes), ‘oxidative phosphorylation, ‘neuroactive ligand-receptor
interactions, and etc. (Fig. 4a—d). Secondly, in GeneMANIA results showed that there were various relationships
between key genes and other genes such as co-expression, the same location, physical interactions, genetic
interactions, sharing protein structural domains, or participating in the same pathway (Fig. 4e). Immediately
followed this the NetworkAnalyst database predicted that nine differentially expressed transcription factors have
regulatory relationships with key genes. Among them, FOXO3 could regulate EEF2 and TUFMsimultaneously,
TRIM28 could regulate both EEF2 and HSPA9, KLF4 could regulate both HSPA9 and MRPS10 at the same time,
YY1 could regulate EEF2, HSPA9 and MRPSI10 (Fig. 4f). Finally, the targeting relationships between genes and
drugs were demonstrated, with each drug being associated with at least 2 biomarkers. For example, Clofarabine
and Clocortolone were related to EEF2 and HSPA9, Cholecalciferol and Calcitriol were related to MRPSI10 and
HSPA9 (Fig. 4g).

Identification of cell subtypes

A total of 2000 genes with high variability in expression among cells were labeled, and the top 10 genes were
IGJ, MZBI1, S100A9, IGLL5, LYZ, PTGDS, S100A8, IF127, GNLY, and AL928768.3 (Fig. 5a). The data were then
processed by PCA downscaling to divide the core cells into 9 separate cell clusters (Fig. 5b,c). Immediately
afterward, these 9 cell clusters were annotated, resulting in 5 cell groups, namely B cells, NK cells, T cells,
monocytes and plasmablasts (Fig. 5d,e).
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Fig. 1. Functional enrichment analysis of de-marg. (a) Volcano plot of differentially expressed genes between
RA/CTL samples. Up- and down-regulation of each TOP10 gene is labeled in the figure. (b) Differential
MRAGs Gene Wayne Diagram. (c) Bubble map of GO enrichment for genes with differential MRAGs. (d)

KEGG pathway enrichment of differential MRAGs genes in Bagua. (e) Network of protein interactions for
genes with differential MRAGs.
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Fig. 2. Biomarkers for the diagnosis of RA. (a) LASSO regression analysis to screen for characterized genes.
On the left is a graph of the gene coefficients, and on the right is a cross-validated error plot. (b,c) Candidate
characterization genes were screened using SVM-RFE in GSE17755. (d) Boruta’s algorithm for ranking the
importance of genes. Green color represents confirmed important genes, red color is confirmed unimportant
genes, and yellow color is uncertain genes. (e) Wayne diagrams for LASSO-Logistic, SVM-RFE, and Boruta
algorithms.
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Fig. 3. The performance of the diagnostic model. (a) GSE17755 Intersecting gene ROC curves. (b) GSE17755
Intersecting Gene Expression Box Plot. (c) GSE93272 Intersecting gene expression box plot. (d) Biomarker
expression levels in clinical samples were compared using RT-qPCR.(e) Column line diagram of key genes.

(f) Calibration curves for evaluating the predictive power of line graph models. (g) DCA curves for assessing
the value of clinical applications of columnar graphical models. (h) Clinical impact curves for nomogram

modeling.
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Fig. 4. GSEA and functional network of biomarkers. (a) MRPS10-KEGG enrichment ridge map. (b) EEF2-
KEGG-enriched ridge map. (¢) HSPA9-KEGG-enriched ridge map. (d) TUFM-KEGG-enriched ridge map. (e)
GeneMANIA key gene co-expression network. (f) DE-TFs-gene regulatory network. (g) DrugBank database of
key genes-drugs Sankey map.

Involvement of plasmablasts in autoimmunity

The biomarkers were all expressed in plasmablasts (Fig. 6a). Monocytes had the highest number of receptor-
ligands with plasmablasts (Fig. 6b). Subsequently, the specific receptor-ligands between cell-cells were
demonstrated (Fig. 6¢), such as the receptor-ligand between plasmablasts and B cells and T cells, which include
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Fig. 5. Cell clustering analysis and type annotation. (a) Genes with highly variable intercellular expression.
(b,c) Core cell clustering visualization. (d,e) Umap cell clustering distribution map for 9 cell subpopulations.

CD74_COPA, CD74_MIF, and HLA-C_FAM3C; the receptor ligand between plasmablasts and monocytes
include CD74_APP, CD74_COPA, CD74_MIFE, and HLA-DPB1_TNFSF13B, all of which are receptor ligands
associated with plasmablasts (p <0.05). Finally, plasmoblasts were divided into 2 subclasses, and C1 was more
differentiated than C2 in the results of the proposed time-series analysis (Fig. 6d—f).

Discussion

In recent years, several studies have shown that the internal environment imbalance resulting from mitochondrial
damage plays a key role in the pathology of RA, and is one of the core aspects of RA pathology''2. However,
the mechanism by which mitochondrial apoptosis plays a role in RA, and the role that MARGs plays in RA
have been unclear. In this study, we first screened 147 DE-MARGs of RA, and these genes were associated with
mitochondrial transmembrane transport, energy generation, apoptosis, cell death induced by oxidative stress,
reactive oxygen species metabolism process, oxidative stress, and etc.

MARGsS may affect the production of ROS by regulating the related proteins on the mitochondrial membrane.
The human mitochondrial membrane is extremely sensitive to peroxidation, and oxidative damage can cause
membrane dysfunction, which in turn triggers apoptosis'®. In addition, reactive oxygen species can damage
proteins, fats, and DNA in the mitochondria, activate mitochondrial autophagy, and, in severe cases, also
lead to apoptosis'‘. On the one hand, as we all known, mitochondria are fundamental to cellular metabolism
and physiology®!®, and mitochondrial apoptosis and mitophagy are evolutionarily conserved cellular process
to remove dysfunctional or redundant mitochondria and maintain energy metabolism'®!” On the other
hand, apoptosis is required to control synovial hyperplasia in RA. Apoptosis can occur through two distinct
pathways (the extrinsic pathway and the internal pathway), in which the internal pathway can be initiated in
the mitochondria in response to oxidative stress'®. Oxidative stress is a state of imbalance between oxidation
and antioxidation in the body, which can lead to the production of high levels of reactive oxygen species (ROS)
in cells. ROS can damage mitochondrial DNA (mtDNA), and the accumulation of mtDNA damage can lead
to mitochondrial damage and dysfunction, ultimately triggering mitochondrial diseases!®. In patients with
rheumatoid arthritis (RA), the oxidative stress state is associated with enhanced inflammatory responses,
which can accelerate joint destruction and disease progression?’, and can also induce exacerbation of immune-
inflammatory imbalances and promote cellular and tissue damage?!. In RA patients, the levels of oxidative stress
markers, such as malondialdehyde (MDA), are often elevated and associated with enhanced inflammatory

Scientific Reports |

(2025) 15:2165

| https://doi.org/10.1038/s41598-025-85460-x nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

a
MRPS10 EEF2 HSPA9 TUFM
3
8 3
3
° ° ] T 2
ik 3 i 3
e [ 2 c c
S k-] ] S
2 2 2 2
o o o o
g1 g & 4 g1
w w 1 w w
o{—— ] o] 0
@ 0\ '\\ g ) \ \\ g D & > > ¥ > & o o 22
0& (ﬁm és' 6*7' ,\&o‘\ ch\ &‘\‘_&@p'o «&OQ é* o° *_:P 6}0
Q\'o é Q\o < &
Identity Identity Identity Identity
60 [
Monocytes l50 10] 7
| 40
. 30 5
T cell 20 a
10 < « PB_C1
g 0 e PB_C2
-5
L4
4Rk
-10.
-5.0 =25 0.0 25 5.0
UMAP_1
Plasmablasts
e Pseudotime
0 510152025
§ 2 2 2
3 o 7] °
8 ] 3 *
- o
] o
[z
o 1
o~
€
C go
TNFRSF1B_GRN [ 3] [ ] [ ] [ ] E
TNFRSF1A_GRN & 8
TNFRSF17_TNFSF13B ® g
TNFRSF13C_TNFSF13B| @ -1
PTPRC_CD22 )@ 'Y ° e A
LLRAG BST2 ®ILr® !
| 000
LGALS9"CD47 ) ~log10(pvals + 1e-04) 2 o
LGALS9_CD44 ® .15 2%°
KLRB1_CLEC2D o 000 e 20 :
HEA-E KLRC2 ® 25 ST 10
HLA-E_KLRC1 < < < 5 S ® 30 Component 1
HLA-DPB1_TNFSF1 éB ™ e o0 o0 o ® 35
HLA-DPB1_NRG1
HLA-C_FAM3C ® ® ® 40 f celltype « PB_C1e PB_C2
CLEC2B_KLRF1 [ ] o L] 2
CD99_PILRA (] [ ® means
CD94:NKG2C_HLA-E — *
CD94:NKG2A_HLA-E 50
CD74_MIF .
CD74_COPA 1 1
CD74_APP ® 5
CD52_SIGLEC10 @@ o0
CD40 TNFSF13B{ @ ~
CCL5 CCR1 &
CCL4_SLC7A1 ° 20
CCL4_CNR2 [ ] 3
C5AR1 RPS19 o o0 £
ANXAT_FPR2 ° ° 8 N
ANXA1_FPR1 3 H ° »
NSNS NSNS 0= NS0 == 0= 0
828088280 882808828w88280 .
08xsrnfxs-n8Xaradxsrndxs %
=2Z 0= 2Z Q=22 W= 2Z 8 0= 228 ®
{‘,’o:EggowEQSoiEg‘éogE?ﬁSo%E -2 o8
0=288n3=L83 28822082 =88 .o
Foa 2900 2ZTxnZeloa . o o #%
% 25582 075 58cEn f 3
@ o =83 S SBGRS g -10 -5 0 10
@ 55 g < 0 Eﬁ,“ = Component 1
=5 8 E
2 a 2
a

Fig. 6. Cellular communication analysis. (a) Key gene expression violin map. (b) Heatmap of ligand-receptor

number of interactions between cell subpopulations. (c) Cell-cell receptor ligands. (d) Plasmoblast cell
clustering umap visualization. (e,f) Proposed temporal sequence analysis of plasmacytoblasts.

responses?2. Additionally, the generation and accumulation of reactive oxygen species can cause oxidative stress
in the mitochondrial inner membrane, leading to damage to the membrane structure and function, which can
trigger mitochondrial diseases. Reactive oxygen species can also directly oxidize proteins on the mitochondrial
inner membrane, such as components of the respiratory chain complex, altering the structure and function
of the complex and affecting electron transfer efficiency.In summary, both the increased energy demand on
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mitochondrial electron transport and hypoxia could lead to an enhanced production of reactive oxygen species
(ROS), creating oxidative stress in synoviocytes'®?*. In our results, the related functions of these 147 DE-MARGs
of RA were also annotated to the related functions of energy metabolism and ROS metabolism, which were
consistent with the mechanism associated with mitochondrial apoptosis in RA.

Based on the above 147 DE-MARGs, we further obtained four mitochondrial apoptosis-related biomarkers
of RA, namely MRPS10, HSPA9, TUFM, and EEF2. The expression levels of HSPA9, TUFM,and EEF2 were
significantly lower in RA samples compared tonormal control samples, while the expression level of MRPSI0was
significantly higher in RA samples. It is worth noting that Guogi Dong et al. also indentified EEF2 as a biomarker
of RA and reported significantly low expression levels in RA samples, which aligns with our findings. Eukaryotic
elongation factor2 (EEF2) is the central substrate encoding for EEFZkinase, also known as calmodulin-
dependent protein kinase III, which regulates protein synthesis®?>. Previous research has indicated that EEF2
could promote apoptosis by upregulating the expression of autophagy-related genes and by inhibiting the mTOR
pathway?S. Dean Minnock et al. suggested that EEF2 kinase promoted cellular autophagy by activating the
MAPK signaling pathway to improve fibroblast differentiation in RA?’. In our analysis, the GSEA results showed
a significant positive association between EEF2 with oxidative phosphorylation. Therefore, we speculated that
EEF2 was a key mitochondrial apoptosis-related gene in response to oxidative stress, and played a crucial role in
the progression of RA pathology.

Unfortunately, none of the three biomarkers were reported in RA. Nonetheless, we found that these genes
were significantly associated with mitochondrial apoptosis-related pathways and functions. For example,
mitochondrial translation elongation factor Tu (TUFM) has been implicated in protein translation elongation
and biosynthesis, oxidative phosphorylation, etc?®?. TUFM has been reported to promote the apoptotic function
of the mitochondria. BiRou Zhong et al. suggested that TUFMwas involved in disease pathologies associated with
ROS?, and Ruyuan Wei et al. also suggested that TUFM could regulate mitochondrial autophagy and apoptosis
via the AMPK/mTOR signaling pathway®!, which is consistent with the mechanism of EEF2 in RA that we
supposed. Similarly, the down-regulation of heat shock protein family A member 9 (HSPA9) could enhance
mitochondrial stress by increasing mitochondrial fragmentation and the production of mitochondrial ROS
(mtROS)32. But unlike EEF2 and TUFM, the oxidative stress response of HSPA9 seems to be more relevant with
the TP53/Akt signaling pathway®?-*%. Besides, mitochondrial ribosomal small subunit protein 10 (MRPSI0)
is a subunit encoding mammalian mitochondrial ribosomal proteins that promotes protein engagement in
mitochondria® but its association with mitochondrial apoptosis has not been reported. Together, these studies
all implicated oxygen stress in biomarkers associated with mitochondrial apoptosis as a key mechanism affecting
RA progression.

Moreover, we performed biomarker mapping of cell subtypes. The distribution of B cell subtypes will change
with the progression of RA. Specifically, the circulating total memory B cells and pre-switch antigen experienced
memory B cells proportions will be significantly reduced as RA develops, and clinically, increased plasmablasts
levels are also one of the pathological hallmarks of RA**%. In our study, all these biomarkers were expressed
in plasmablasts, further enhancing the theoretical basis for clinical detection of RA. In addition, we noted that
CD74 was perhaps a critical receptor. CD74 is a membrane receptor whose binding to macrophage migration
inhibitory factor (MIF) ligand is critical in the progression and pathogenesis of RA, inducing the expression
of inflammatory cytokines and molecules degrading tissues, and promoting the proliferation and survival of
fibroblast-like synoviocytes®®*°. Seung Ah Yoo et al. further suggested that ligand receptor binding of CD74_MIF
would affect the expression of downstream MAPK and RhoA signaling, and lead to fibroblast differentiation in
RA". Interestingly, we also pointed out previously that the EEF2 kinase could promote cellular autophagy by
activating the MAPK signaling pathway to improve fibroblast differentiation in RA*”. CD74_MIF/EEF2/MAPK
perhaps a new regulatory axis involved in the course of RA, which needs further experimental verification.

Immediately afterwards, we made predictions for the upstream TFs of the biomarker. We found that YY1
could regulate EEF2, HSPA9 and MRPS10 simultaneously, FOXO3 could regulate EEF2 and TUFM at the same
time, while TRIM28 could regulate EEF2 and HSPA9 concurrently. Additionally, KLF4 could regulate HSPA9
and MRPSI0 simultaneously. YY1 has been extensively studied in RA as a key TE, and numerous studies have
demonstrated a significant correlation of its transcriptional regulation with apoptosis***2. Although there are no
reports of YY1 associated with these three biomarkers, we noticed that YY1 regulates multiple signaling pathways,
including PI3K-Akt-mTOR signaling pathway, production of ROS, and oxidative phosphorylation involved in
the progression of RA**-%>, Similarly, KLF4 was also significantly correlated with the phosphorylation levels in
RA“. Notably, JinChen Guo et al. showed that phosphorylation of FOXO3 could enhance its transcriptional
activity and activate AMPK, further ameliorating the oxidative stress status in RA patients?’. We also pointed
out earlier that TUFM and EEF2 could regulate mitochondrial autophagy and apoptosis via the AMPK/mTOR
signaling pathway in RA?%273L These studies imply that the YYI/FOXO3-TUFM/EEF2-AMPK/mTOR axis
perhaps is a key mechanism of mitochondrial apoptosis in RA.

At length, based on these four biomarkers, we constructed a clinical diagnostic model of RA, and further
predicted the targeted drugs for the biomarkers. The results showed that clofarabine and clocortolone were
related to EEF2 and HSPA9, Cholecalciferol and Calcitriolwere related to MRPS10 and HSPA9. Cholecalciferol
and Calcitriol have been used clinically to treat or improve RA*-%, but the specific mechanism has yet to
be explored. Our study provided a rationale for the clinical application of these drugs.However, it must be
acknowledged that this study has certain limitations. Firstly, this study conducted bioinformatics analysis using
public databases. Although external datasets and RT-qPCR were used to validate the results, the study was still
limited by factors such as sample sources and data standardization. The biological significance of the results
still needs to be confirmed through experimental validation. Secondly, there are differences in the RT-qPCR
results and data set expression of key genes. On one hand, there are differences in sample sources. Factors such
as racial, geographical differences, and sample processing methods may affect the results. On the other hand,
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the sample size used for RT-qPCR is relatively small. A smaller sample size may not accurately reflect the overall
gene expression characteristics, which may lead to results that do not match the actual trend. To address this
issue and further verify the reliability of existing research results, we have planned to increase the sample size in
subsequent studies. By expanding the sample size, it is expected to reduce the bias caused by small sample size
and sample heterogeneity, thereby effectively validating our research conclusions.

Conclusions

In summary, this study identified four mitochondrial apoptosis-related biomarkers of RA, which could affect
RA progression by regulating energy metabolism and ROS metabolism. Furthermore, we believe that the
progression of the RA is significantly related to AMPK/mTOR signaling pathway, withCD74_MIF playing a key
role. Through the study of MARGsS, this study deepened the understanding of the pathogenesis of rheumatoid
arthritis (RA), provided a theoretical basis for the study of the pathogenesis of RA, and contributed to the clinical
diagnosis and improvement of its accuracy. In the future, we will construct cell and animal models to further
verify the clinical value of biomarkers, and develop more effective RA therapeutics based on the discovered drug
targets, or explore combination drug regimens to improve treatment efficacy.

Materials and methods

Data source

The RA datasets GSE17755 (training dataset) and GSE159117 (single cell dataset), along with GSE93272
(validation dataset), were retrieved from the Gene Expression Ontology (GEO) database (https://www.ncbi.n
Im.nih.gov/geo/). The GSE17755 dataset contained transcriptome sequencing data from 112 peripheral blood
samples of RA patients and 45 peripheral blood samples from healthy controls (Supplementary Table S1)°!. The
GSE159117 single-cell sequencing dataset was derived from RNA-seq of peripheral blood mononuclear cells
(PBMC) from 1 RA patient®. The GSE93272 dataset contained peripheral blood samples from 68 RA and 43
controls with transcriptome sequencing data from peripheral blood samples (Supplementary Table S2)°3. The
search in the MitoMiner database (http://mitominer.mrc-mbu.cam.ac.uk/) identified 1,967 MARGs.

Identify and functional enrichment analysis of differentially expressed mitochondrial
apoptosis-related genes (DE-MARGS)

Gene expression data were extracted from RA samples and healthy control samples in the GSE17755 and
screened for differentially expressed genes (DEGs) using the ‘limma’ package (version 3.46.0) with |log,FC| >
0.5, p.value <0.0°**>. Then, the intersection of DEGs with MARGs was taken using ‘ggVennDiagram’ package
(version 1.2.2) to capture DE-MARGs, which were plotted in a venn diagram for presentation®. Next, the
DE-MARGs underwent Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG)*>"~*°
enrichment analysis (p. adj<0.05) using the ‘clusterProfiler’ package (version 4.4.4) and the ‘org.Hs.eg.db’
package (version 3.15.0)%%¢1,

Construction of protein-protein interaction (PPI) networks and screened of hub genes

The PPI network of DE-MARGs was exhibited using STRING (http://string-db.org), followed by the presentation
of the PPI network using Cytoscape (version 3.8.2) (STRING score was set as 0.7)%2. Subsequently, the hub
genes were screened according to five algorithms, namely, degree, maximum neighborhood component (MNC),
maximum clique centrality (MCC), edge percolation component (EPC), and density of maximum neighborhood
component (DMNC), using the cytoHubba plug-in in Cytoscape, and the UpSet graph was generated for
demonstration using the ‘UpSetR (version 1.4.0)%.

Identification of diagnostic biomarkers for RA

First, the candidate hub genes were screened based on the optimal coefficients and values of lambda utilising the
‘glmnet’ (version 4.1-6) proceed the least absolute shrinkage and selection Operator (LASSO) analysis®*. Next,
support vector machine recursive feature elimination (SVM-RFE) was used to determine the optimal variables
to screen by removing the feature vectors generated by SVM. Then, the candidate hub genes were screened
using the R package ‘Boruta’ (version 7.0.0), and the top 10 genes were selected for subsequent analysis using
the Z-Score as a measure of importance®. Finally, diagnostic biomarkers were identified at the junction of the
above methods.

Verification of biomarkers

Genes with consistent expression in the validation and training sets were screened as diagnostic biomarkers
for subsequent analyses. The usefulness of biomarkers in diagnosing RA was assessed by generating receiver
operating characteristic (ROC) curves using the pROC’ package (version 1.18.0) and calculating the area under
the curve (AUC) and 95% confidence intervals®®. Then, rms’ (version 6.5-0) was used to create nomograms,
and the incidence of RA could be assessed based on the total score®’. And was regarded as having diagnostic
value when the AUC exceeded 0.7. In addition, decision curve analysis (DCA) was executed to indicate the
discriminatory validity of the nomogram for RA.

Potential mechanisms and drug prediction of biomarkers

Single-sample gene set enrichment analysis (ssGSEA) was executed on the biomarkers utilizing the ‘clusterProfiler’
(version 4.4.4) and based on the GSE17755 datasets, with the filtering condition of p. adj<0.05%. The ssGSEA
ridge plot for topl0 results (p. adj ordering) was presentedusing GseaVis (version 0.0.5)%. In addition, the
co-expression network of hub genes was explored using GeneMANIA (http://genemania.org/). Meanwhile,
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transcription factors targeting the biomarkers were predicted using the NetworkAnalyst (https://www.networka
nalyst.ca/) database and demonstrated by Cytoscape (version 3.8.2)%2. Finally, the DrugBank (https://go.drugban
k.com/) online database was used to predict the targeted drugs associated with the biomarkers, and the targeting
relationship between the biomarkers and drugs was demonstrated using Cytoscape.

Identification of different cell types

The GSE159117 was filtered using the function of the ‘Seurat’ package (version 4.0.5), retaining genes with
expression data in at least 3 cells and cells with a number of detected genes above 200 (min.cells=3, min.
features =200)%. Next, biomarkers were calculated using the ‘PercentageFeatureSet’ function, cells with less
than 10% of biomarkers were retained, and violin plots were drawn to characterize the data. Next, the data
were normalized using ‘NormalizeData, and the ‘FindVariableFeatures’ function was used to identify genes with
high variability in expression between cells (feature selection) for subsequent identification of cell types (default
parameter is ‘vst’). The default parameter was ‘vst’ (2000 highly variable genes were selected by the method).
For further examination, data that were chosen before the principal component analysis (PCA) inflection point
were used. Then, unsupervised cluster analysis of the cells was done using the ‘Seurat’ package (version 4.0.5)
‘FindNeighbors’ and ‘FindClusters’ functions, with clusters visualized using Uniform Manifold Approximation
and Projection (UMAP)®. Subsequently, ‘FindAllMarkers’ was used to set the parameters min.pct=0.5, only.
pos=TRUE, and logfc.threshold=0.5 to search for positive marker genes in various populations. Finally, the
marker genes of each cell subpopulation were used to determine the type of subpopulation of cells by comparing
these genes with the marker genes of each cell type in the CellMarker database, and the clusters were visualized
by UMAP”,

Identification and correlation analysis of key cells

UMAP was employed to demonstrate the expression of the biomarkers in various cell subpopulations. Secondly,
CellPhoneDB was used to perform intercellular ligand-receptor interaction analysis to identify the key cells.
Next, unsupervised cluster analysis was done to classify the key cells using the ‘seurat’ package (version
4.0.5) ‘FindNeighbors’ and ‘FindClusters’ functions®. Finally, the differential ‘GeneTest’ function was used to
determine which genes were expressed differently among key cell groups, and the proposed time-series analysis
was performed using ‘monocle’package (version 2.18.0)7!.

Reverse transcription quantitative polymerase chain reaction (RT-qPCR)

To further validate our findings, biomarker expression levels in clinical samples were compared using RT-
gPCR. Blood samples from Shanxi Provincial People’s Hospital hospital included 10 control and 10 PR samples
(Supplementary Table S3). RNA was extracted and purified from the samples using TRIzol (Ambion, Austin,
USA) following the manufacturer’s instructions. Subsequently, the RNA was reverse transcribed into cDNA
using the SureScript First-strand cDNA synthesis kit (Servicebio, Wuhan, China). The resulting cDNA was
analyzed using 2xUniversal Blue SYBR Green qPCR Master Mix (Servicebio) with specific primer sequences
(Supplementary Table S4). RT-qPCR amplification was performed under the following thermal cycling
conditions: initial denaturation at 95 °C for 1 min, followed by 40 cycles of denaturation at 95 °C for 20 s,
annealing at 55 °C for 20 s, and extension at 72 °C for 30 s. Data analysis was performed using the 222 method,
with GAPDH serving as the internal reference for normalization.

Ethics declarations

This study was performed in line with the principles of the Declaration of Helsinki. Approval was granted by
the Ethics Committee of Shanxi Provincial People’s Hospital (No566). Informed consent was obtained from all
individual participants included in the study.

Statistical analysis
All analyses were conducted using the R(version 4.2.2) programming language, and the data from different
groups were compared by the Wilcoxon test. Unless specified otherwise, pvalueless than 0.05 was considered
statistically significant.

Data availability
The datasets analysed during the current study are available in the the [GEO] repository, [https://www.ncbi.nlm
.nih.gov/geo/] and the search in the [MitoMiner] repository, [http://mitominer.mrc-mbu.cam.ac.uk/].
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