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The role of senescence-related genes iy

in major depressive disorder: insights
from machine learning and single cell analysis
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Abstract

Background Evidence indicates that patients with Major Depressive Disorder (MDD) exhibit a senescence pheno-
type or an increased susceptibility to premature senescence. However, the relationship between senescence-related
genes (SRGs) and MDD remains underexplored.

Methods We analyzed 144 MDD samples and 72 healthy controls from the GEO database to compare SRGs expres-
sion. Using Random Forest (RF) and Support Vector Machine-Recursive Feature Elimination (SVM-RFE), we identified
five hub SRGs to construct a logistic regression model. Consensus cluster analysis, based on SRGs expression patterns,
identified subclusters of MDD patients. Weighted Gene Co-expression Network Analysis (WGCNA) identified gene
modules strongly linked to each cluster. Single-cell RNA sequencing was used to analyze MDD SRGs functions.

Results The five hub SRGs: ALOX15B, TNFSF13, MARCH 15, UBTD1, and MAPK14 showed differential expression
between MDD patients and controls. Diagnostics models based on these hub genes demonstrated high accuracy.
The hub SRGs correlated positively with neutrophils and negatively with T lymphocytes. SRGs expression pattern
revealed two distinct MDD subclusters. WGCNA identified significant gene modules within these subclusters. Addi-
tionally, individual endothelial cells with high senescence scores were found to interact with astrocytes via the Notch
signaling pathway, suggesting a specific role in MDD pathogenesis.

Conclusion This comprehensive study elucidates the significant role of SRGs in MDD, highlighting the importance
of the Notch signaling pathway in mediating senescence effects.
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Introduction

Major Depressive Disorder (MDD) affects over 300 mil-
lion people worldwide, with an annual prevalence rate of
4.4% [1]. It is the leading cause of disability globally and
ranks as the third highest in terms of illness burden [2].
MDD is characterized by persistent depression, dimin-
ished of interest in activities, and cognitive slowing.
Severe cases can lead to suicide or self-harm. Despite
its prevalence, the exact pathophysiological mechanisms
underlying MDD remain unclear. MDD results from a
complex interplay of gut microbiota, immune function,
neuroendocrine systems, genetics, psychosocial factors,
and other variables [3, 4]. Understanding the fundamen-
tal processes, identifying reliable biomarkers, improving
diagnostic accuracy, and reducing the overall healthcare
burden are crucial for benefiting both patients and soci-
ety [5].

Biological senescence typically halts the cell cycle in
the GO and G1 phases, thereby permanently inhibiting
cell proliferation. Senescent cells exhibit distinct mor-
phological features, including cell flattening, nuclear
enlargement, and chromatin aggregation [6]. Thsee cells
also possess a secretory phenotype, releasing various
cytokines, chemokines, growth factors, and matrix met-
alloproteinases [7]. Beyond psychopathological aspects,
MDD is linked to biological senescence, evidenced by
shortened telomeres and age-related brain changes
[8—10]. MDD is associated with cardiovascular, cerebro-
vascular, and metabolic issues [11], and it increases the
risk of Alzheimer’s disease, other dementias, frailty, and a
reduced lifespan [12-14].

Clinical and epidemiological data suggest a connec-
tion between MDD and aging, although the underlying
mechanisms are not fully understood. This study employs
bioinformatics to investigate the association between
MDD and SRGs. We analyzed transcriptomic data from
MDD patients and healthy controls to identify differen-
tially expressed genes associated with senescence. Using
support vector machines (SVMs) and random forests
(RF), we identified 5 hub SRGs to develop a diagnostic
model. We evaluated the model’s diagnostic performance
and examined the relationship between these diagnostic
genes and immune cell infiltration. SRGs were used to
identify molecular subtypes of MDD. WGCNA analysis
revealed tightly connected gene modules within these
subclusters. At the single-cell level, endothelial cells
with high senescence scores were found to interact with
astrocytes via the Notch signaling pathway, indicating
diverse roles in MDD progression. This study enhances
our understanding of the role of senescence in MDD and
lays the groundwork for future research and therapeutic
advancements.
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Materials and methods

Data collection and pretreatment

We obtained MDD gene expression profile datasets,
GSE32280 and GSE98793, from the GEO database.
GSE98793 included 128 MDD patients and 64 healthy
controls, while GSE32280 comprised 16 MDD patients
and 8 healthy controls. Both datasets were generated
using the GPL570 platform (Affymetrix Human Genome
U133 Plus 2.0 Array) [15, 16]. After normalizing the data-
sets, we combined them using the R package “sva” result-
ing in a final sample of 144 MDD patients and 72 healthy
controls [17]. We sourced 279 SRGs from the Human
Aging Genomic Resources, (https://genomics.senes
cence.info/) [18], as detailed in Supplementary Table 1.

Differential expression analysis

The “limma” R software package was utilized to iden-
tify genes that were significantly differentially expressed
between depressed patients and healthy controls and
potentially contributing to the pathogenesis of MDD
[19]. DEGs were selected based on a p-value <0.05 and an
absolute Log2FC > 1.5. Heatmaps and volcano plots were
generated using the “heatmap” and “ggplot2” R packages,
respectively. We identified SR-DEGs by finding com-
mon genes between DEGs and SRGs. Gene Set Variation
Analysis (GSVA) is an unsupervised gene set enrichment
analysis method that evaluates the variability of gene sets
in different samples by calculating the enrichment scores
of predefined gene sets in the sample [20].

Identification of hub genes

Hub SR-DEGs were screened by RF and SVM-RFE
analysis [21, 22]. These methods assess the contribution
of each gene to disease classification and identify the
most discriminative features. We chose these methods
for their power and robustness in feature selection. We
ranked each SRGs by importance using these methods
and selected the top 10 genes from each. The common
genes identified by both methods were designated as hub
SR-DEGs.

Construction and validation of the diagnostic model

To evaluate the diagnostic value of the hub genes for
depression, the “pROC” package was employed to gen-
erate the receiver operating characteristic (ROC) curve
and compute the area under the curve (AUC) to thereby
constructing a diagnostic model [23]. Addiyionally, mul-
tivariate logistic regression analysis was performrd on the
hub genes. Model stability was assessed using calibration
and decision curve analyses, and a nomogram was devel-
oped to predict the probability of MDD. Internal valida-
tion was performed using the bootstrap method with
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1000 replicates, and discrimination was evaluated by the
AUC of the ROC curve.

Immune cell infiltrate analysis

Immune dysregulation plays a crucial role in the patho-
genesis of MDD. To elucidate the characteristics of
immune responses in MDD, we analyzed the immune
cells infiltration using IOBR and MCPcounter techniques
[24, 25]. In addition, Pearson correlation coefficient was
used for correlation analysis to explore the relationship
between central SRGs and inflammatory factors.

Consensus clustering analysis and co-expression analysis
We conducted a consensus cluster analysis to iden-
tify distinct subgroups of MDD patients based on SRGs
expression and immunological profiles. Consensus clus-
ter analysis was performed using “ConsensusClusterPlus”
on MDD samples, evaluating up to 10 clusters [26]. After
multiple testing and adjustment, we determined that the
optimal number of clusters (k) was 2 (Supplementary
Fig. 1). We then analyzed the top 5000 genes with the
highest variability and used unsupervised consensus clus-
tering to determine the optimal number of groups. Addi-
tionally, WGCNA was used to identify gene modules
with highly synergistic changes, a method demonstrated
to effectively reveal molecular mechanisms in complex
diseases [27]. WGCNA identified gene clusters with
similar mRNA expression patterns in MDD samples. The
scale-free topology (SFT) criterion established the power
adjacency function with a soft threshold parameter, aim-
ing for a model-fit saturation greater than 0.85.

Gene set enrichment analysis

Gene set enrichment analysis can explore the biological
processes and signaling pathways involved in differen-
tially expressed genes to reveal the potential molecular
mechanisms of MDD. We obtained Homo sapiens gene
sets from the Molecular Signature Database (MSigDB)
using the “msigdbr” R package [28]. Metascape is a Web-
based portal that provides comprehensive gene list anno-
tation and analysis resources [29]. Gene set variation
analysis (GSEA) was performed using the “GSEA” pack-
age with the single-sample gene set enrichment analysis
(ssGSEA) approach using a Gaussian kernel cumulative
distribution function [30].

Basic analysis workflow of scRNA-seq data

To further elucidate the cellular and molecular basis of
MDD, comprehensive single-cell assays were employed.
High-quality scRNA-seq data were ensured by excluding
cells expressing fewer than 300 genes or having less than
20% mitochondrial gene counts. The Cell-Cycle Scor-
ing tool in Seurat (version 4.3.0) categorized cells into
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different stages cell cycle stages. Data were standardized
using the SCTransform function [31]. The Harmony pack-
age (version 0.1.1) corrected for batch effects, using the
top 2000 variable genes. Elbow and Jackstraw plots guided
the selection of principal components. Clusters were
identified using shared nearest neighbor (SNN) modu-
larity optimization at a resolution of 0.8, visualized with
UMAUP, and classified based on gene expression profiles.
SRG scores were calculated using UCell V.2.2.0 [32]. These
steps are critical for understanding the heterogeneity and
cell-specific changes in MDD at the single-cell level.

Construction and analysis of the transcription factor-gene
network

The SCENIC framework was employed to identify tran-
scription factor regulons from a count matrix of 10,000
variably expressed genes. Genes active in fewer than 1%
of cells were excluded [33]. The gene co-expression net-
work was constructed using Arboreto’s gradient boosting
machine method. Enriched patterns were predicted using
pre-computed databases from cisTargetDB and the SCE-
NIC ctx function, with regulon activity scores calculated
per cell using AUCell [34].

Cell-cell communication analysis

The CellCall software was employed to analyze ligand-
receptor-transcription factor (L-R-TF) axes from the
KEGG pathway, thereby deducing networks of intra-
cellular communication [35]. This analysis elucidated
the mechanisms connecting high- and low-senescence
groups to other cell types.

Statistical analysis

Raw data processing and statistical analyses were con-
ducted using R version 4.2.1. Significant differences
between groups were determined using the Student’s
t-test, Wilcoxon rank sum test, and Kruskal-Wallis test
for unrelated groups. A p-value <0.05 was considered sta-
tistically significant.

Results

Differential expression analysis of SRGs between MDD

and controls

After eliminating batch effects from the datasets, which
included 72 normal controls and 144 MDD samples,
we generated a combined gene expression profile com-
prising 21,755 genes. We identified 2,059 DEGs with
a p-value<0.05 and a fold-change greater than 1.5.
We identified 33 SR-DEGs by finding common genes
between these 2059 DEGs and 279 SRGs. GSVA analy-
sis revealed a significant increase in senescence scores in
individuals with MDD compared to controls (Fig. 1A).
Among these, 33 SRGs exhibited notable expression
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Fig. 1 Analysis of Senescence-Related Differentially Expressed Genes (SR-DEGs) between MDD and Control Groups (A) GSVA analysis
of senescence-related gene scores between MDD and control. B Heatmap of SR-DEGs between MDD and control. C Volcano plot of SR-DEGs
between MDD and control. D Heatmap of correlation analysis of SR-DEGs. E Boxplot of SR-DEGs between MDD and control

differences between MDD and control groups (Fig. 1B-C,
E). For example, ALOX15B and UBTD1 were upregulated
in MDD, while PRKCH was downregulated, indicating
distinct roles in disease development. Furthermore, the

correlation coefficients between the 33 SR-DEGs were
also calculated (Fig. 1D). A strong positive correlation
between UBTDI and TNFSFI13, and a negative correla-
tion between UBTD1 and PRKCH, was observed.
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Establishment of the MDD diagnostic model based

on the hub SRGs

We identified five hub SR-DEGs (ALOXI15B, TNFSF13,
MARCHI1S5, UBTDI, and MAPKI4) using RF and SVM-
RFE methods (Fig. 2A-B). A logistic regression model
created a diagnostic prediction model incorporating

A

Random forest
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these hub genes. The model demonstrated an AUC of
0.763, indicating good potential for distinguishing MDD
from controls (Fig. 2C-D). Bootstrap validation (7 =1000)
confirmed the reliability of the ROC (Fig. 2E). Also, we
comparison of standardized net benefit demonstrating
high risk threshold of different hub SR-DEGs (Fig. 2F).
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The nomogram model based on these hub genes
improved diagnostic precision, underscoring their sig-
nificant contribution to MDD onset (Fig. 2G).

Immune infiltration analysis

Immune cell infiltration analysis using IOBR revealed
that MMP9 was positively correlated with neutrophils,
MO macrophages, and monocytes but inversely associ-
ated with memory B cells and resting memory CD4 T
cells (Fig. 3A). The five hub genes demonstrated corre-
lations with neutrophils, M2 macrophages, monocytes,
regulatory T cells, and CD4 memory T cells (Fig. 3B).
MAPKI4 was positively correlated with Neutrophils
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and MO macrophages (P<0.001) and significantly nega-
tively correlated with CD8 T cells (P<0.001). ALOXI15B
was positively correlated with Monocytes and negatively
correlated with Neutrophils, Dendritic cells, and CD4
memory T cells (P<0.001). TNFSF13 was significantly
positively correlated with M2 macrophages, Monocytes,
regulatory T cells and CD4 T cells (P<0.001), and sig-
nificantly negatively correlated with CD4 memory T cells
and B cells (P<0.001). MARCHS expression was posi-
tively correlated with Neutrophils and CD4 memory T
cells (P<0.001), and negatively correlated with M2 mac-
rophages, regulatory T cells, and CD8 T cells (P<0.001).
UBTDI was positively correlated with Neutrophils, M2
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macrophages and regulatory T cells, and negatively cor-
related with CD4 memory T cells and B cells (P<0.001).
Correlation analysis between the hub genes and inflam-
matory factors indicated similar patterns for UBTD1I and
TNFSF13, suggesting analogous roles in immune regula-
tion in MDD (Fig. 3C).

Identification of two different MDD clusters

Consensus cluster analysis (Fig. 4A-B) identified two sub-
groups of MDD patients based on SRG expression pat-
terns. GSEA enrichment analysis revealed that Cluster 2
induced pathways related to “regulation of complement
activation” and “positive regulation of lymphocyte-medi-
ated immunity’, while these pathways were repressed in
cluster 1 (Fig. 4C). Cluster 2 exhibited higher expression
of G6PD, MYC, MAPK14, MMP9, HK3, ALOXI15B, and
PRKCH, and lower expression of DUSP3, ASFIA, and
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TERT (Fig. 4D). Additionally, cluster 2 showed increased
expression of CD4 and TGFBI, indicating heightened
inflammatory marker levels (Fig. 4E).

Identification of core modules between two MDD clusters

WGCNA was used to identify gene modules associ-
ated with the two MDD clusters. A quality control
assessment of 144 MDD samples, retained all samples.
Dynamic tree-cut analysis with a soft threshold identi-
fied significant co-expression modules (Fig. 5A-B). The
turquoise module was positively correlated with clus-
ter 2 and negatively correlated with cluster 1 (»<0.05)
(Fig. 5C). Metascape enrichment analysis of the tur-
quoise module genes highlighted pathways such as “neu-
trophil degranulation’, “positive regulation of immune
response’; and “translation” (Fig. 5D). Proteomap analy-
sis revealed differential enrichment in pathways such
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as oxidative phosphorylation, proteasome, RNA poly-
merase, and neuron active ligand-receptor interaction
(Fig. 5E-F), elucidating potential mechanisms by which
SRGs influence MDD progression.

Single-cell analysis of SRGs in MDD
Utilizing the GSE144136 scRNA-seq dataset, we
employed principal component analysis (PCA) to

delineate 19 distinct cell clusters (Fig. 6A). These clus-
ters predominantly encompassed mixed neurons (Mix),
astrocytes (Astros), endothelial cells (Endo), excitatory
cells (Ex), inhibitory cells (Inhib), macrophages/microglia
(Micro/Macro), oligodendrocytes (Oligos), and oligoden-
drocyte precursor cells (OPCs) (Fig. 6B). The findings of
the SRG score analysis indicated that endothelial cells
exhibited the highest SRG score (Fig. 6C). In addition,
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astrocytes exhibited a more substantial response to sig-
nals from high-senescence endothelial cells compared
to those from low-senescence cells (Fig. 6D), and there
was a notable activation of the Notch signaling pathway
(Fig. 6E). The activation of Notch signaling, particularly
through the DLL4-NOTCH1 and ADAM17-NOTCH1
pathways, was markedly observed transitioning from
high-senescence endothelial cells to astrocytes (Fig. 6F-
G), indicating the pivotal role of the Notch pathway in
the progression of MDD.

SCENIC analysis of high and low senescence endothelial
cells

The SCENIC analysis compared transcription factors in
endothelial cells with varying SRG scores. Transcription
factors ZEBI1, NFATS, FOXPI1, and NFIA were associ-
ated with low senescence scores, whereas LEFI, KLF2,
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FOXP1, and FLII were linked to high senescence scores
(Fig. 7A-B). Correlation analysis demonstrated that SRGs
positively correlated with transcription factors associated
with high senescence scores (Fig. 7C), underscoring the
importance of transcription factors in regulating senes-
cence in MDD.

Discussion

MDD is a multifaceted and incapacitating condition,
widely recognized as the primary cause of disability on
a global scale [36, 37]. Despite its prevalence, the pre-
cise mechanisms underlying MDD remain incompletely
elucidated. Recent investigations leveraging advanced
sequencing technologies have endeavored to elucidate
the etiology of MDD and pinpoint potential diagnos-
tic biomarkers [38, 39], highlighting the potential link
between senescence and immunity in the development
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of depression [40, 41]. In this research, we employed
diverse bioinformatic methodologies to delineate bio-
markers linked to senescence in MDD and conducted
a comprehensive analysis of the role of SRGs at a cel-
lular level. Our findings indicate that distinct SRGs
exhibit varying expression patterns in individuals with
MDD, potentially indicating an interrelation between
alterations in cellular function during senescence and
the pathophysiology of MDD. These genes may play a
role in modulating the inflammatory response, oxida-
tive stress, and neuroplasticity changes characteristic of
MDD. These common pathological pathways may serve
as the mechanistic foundation for the involvement of
senescent cells in the progression of MDD.

Our investigation unveiled a pronounced upregu-
lation in the expression of gene sets associated with
senescence in MDD samples, as evidenced by GSVA
analysis. The results of GSVA analysis indicate that
the expression levels of genes related to senescence
are heightened in individuals with MDD, hinting at
an accelerated senescence process in this popula-
tion.This finding aligns with prior research indicating
premature aging features in MDD patients, such as
telomere shortening and elevated inflammatory mark-
ers. Leveraging five hub SR-DEGs, we constructed a

predictive model for MDD, achieving a notable AUC
score of 0.763, denoting high diagnostic efficacy.This
model enabled the stratification of MDD patients into
two distinct subgroups with marked discrepancies in
gene expression profiles and immune cell infiltration.
These subgroups exhibited noticeable differences in
the expression patterns of specific genes identified as
significantly regulated genes. Further single-cell analy-
sis provided deeper insights into the intricate connec-
tions between senescence, cellular communication, and
immunity in MDD.

The prediction model incorporated five shub SR-DEGs,
ALOX15B, TNFSF13, UBTDI1, MARCHS5, and MAPKI14.
These genes were identified using machine learning
methods idebtifiers to SVM and RF algorithms. Nota-
bly, these genes showed strong correlations with certain
immune cells, suggesting their role in immunological
regulation in MDD. For instance, ALOXI15B plays a role
in fatty acid metabolism and inflammation, is a crucial
factor in ferroptosis, a process linked to MDD progres-
sion [42]. Suppressing ferroptosis has been demonstrated
to ameliorate MDD, highlighting ALOX15B’s potential
therapeutic importance. TNFSF13, a cytokine involved
in immune response regulation, and UBTDI, associ-
ated with oxidative stress and protein breakdown, were
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also highly expressed in MDD samples, emphasizing
their relevance to the disease [43, 44]. Ubiquitin domain
containing 1 (UBTDI) is a ubiquitin-like protein, which
encodes a protein that is thought to regulate E2 ubiqui-
tin-conjugases belonging to the UBE2D family. Studies
have shown that {/BTDI can induce cell senescence and
regulate the expression of p53 protein [45]. It has also
been shown that (/BTDI plays an important regulatory
role in the phosphorylation of EGFR and its lysosomal
degradation [46]. At present, further experimental stud-
ies are needed to verify the mechanism of UUBTDI and
depression. membrane-associated ring-CH (MARCH)
family belongs to a family of RING finger domains of E3
ubiquitin ligases. MARCHS is a mitochondrial ubiquitin
ligase, also known as MITOL, which can be expressed
in brain, heart, liver and other tissues [47]. MARCHS
plays a role in maintaining mitochondrial homeosta-
sis and preventing cellular senescence by regulating and
acetylating Mfnl [48-50]. MITOL by Yonashiro et al.
can block S-nitroso MAP1B-light chain 1 (LC1) -medi-
ated mitochondrial dysfunction and neuronal cell death
[51]. It is speculated that MARCHS5 may be involved in
the pathogenesis of depression by regulating Mfn2. Mito-
gen-activated protein kinases (MAPK) family members
are serine/threonine protein kinases, It is involved in cell
cycle regulation, apoptosis, cell development, prolifera-
tion and inflammatory response [52]. MAPKI14 is consid-
ered to be the central regulator of inflammatory response
in various cell types [53]. Zhang ] et al. also found that
MAPKI4 was a potential biomarker of depression in
their comprehensive analysis of endoplasmic reticulum
emergency and immune infiltration in major depression
[54]. We speculate that MAPKI14 may be involved in the
progression of depression by regulating endoplasmic
reticulum and inflammatory response.

Our research further establishes a connection cen-
tral SRGs expression to the immunological environment
and inflammatory factors. Hub SR-DEGs exhibited posi-
tive correlations with neutrophils and negatively with
CD4 memory resting T cells and CD8+T cells, while
showing the interplay between senescence and immune
response in MDD. A notable correlation between TGFB2
and hub SRGs, implying TGFB2’s role in MDD senes-
cence through the TGF-B2-SMAD2/3-p53-p21 WAF1/
CIP1-mediated RB pathway [55]. Additionally, our study
identified two MDD subtypes based on SRGs expression
patterns, which could provide insights for patient catego-
rization and personalized treatment approaches.

Single-cell analysis of SRGs in MDD provided further
understanding of this complex disorder. Endothelial cells
are an important part of blood vessels, and senescent
endothelial cells are very active, showing a high degree of
secretion and pro-inflammatory. Barinda AJ et al. found
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that endothelial cell senescence leads to elevated expres-
sion of inflammatory cytokines and ROS and induces
senescence of surrounding healthy cells in a positive
feedback manner, thereby propagating and perpetuat-
ing the inflammatory microenvironment [56]. However,
it has also been shown that senescent endothelial cells
produce many inflammatory chemokines and cytokines,
including IL-1p, IL-6, IL-8, CXCL11 and plasminogen
activator inhibitor 1 (PAIl), reduced the expression of
anti-inflammatory IL-10, and increased the expression
of multiple cell adhesion molecules [57—-62]. These lines
of evidence suggest a complex interplay between inflam-
mation and endothelial cell senescence [63]. In addi-
tion, Venkatesh D et al. found that endothelial cells in
human and mouse atherosclerotic plaques upregulated
notch receptor 1 (Notchl) signaling, which promoted
the expression of ICAMI, IL-1q, IL-6 and IL-8 and the
transepithelial migration of monocytes [64]. Our study
also found that endothelial cells exhibited the highest
senescence score and that highly senescent endothelial
cells initiated novel cell-astrocyte interactions, again via
Notch signaling. Mathias Linnerbauer’s research had
shown that the cross-linking of astrocytes and endothe-
lial cells is essential for limiting leukocyte migration to
parenchymal cells [65]. In the context of neuroinflamma-
tion, bidirectional communication between astrocytes
and endothelial cells would promote BBB leakage and
allow infiltration of peripheral immune cells [66]. Argaw
and colleagues demonstrated that VEGF-A production in
astrocytes is upregulated in response to IL-1b, a cytokine
produced by activated microglia during neuroinflamma-
tion [67]. VEGF-A induces the endothelial nitric oxide
synthase (eNOS)-dependent downregulation of tight-
junction proteins claudin-5 (Cldn5) and occludin (Ocln)
in endothelial cells, which eventually disrupts tight-junc-
tions and BBB integrity [68, 69]. Astrocytes also produce
factors that boost BBB integrity during inflammatory
conditions. For example, astrocytes promote BBB sta-
bility via the production of sonic-hedgehog (Shh) [70].
These interactions, including the DLL4-NOTCH1 and
ADAM17-NOTCHI1 receptor pairs, suggest that senes-
cent endothelial cells communicate with astrocytes
through pathways critical for immune regulation.

We also discovered distinct transcription factor
profiles between high and low-senescence endothe-
lial cells. Key transcription factors such as LEF1(+)
showed a positive relationship with SRG genes in high
senescence cells, indicating their role in controlling
mitochondrial autophagy and suggesting a significant
function in MDD pathogenesis. Conversely, FOXP1
plays a complex role in senescence, which may depend
on cell type, tissue environment, or specific biological
conditions. The function of FOXP1 may be influenced
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by its binding partner, epigenetic modifications, and
the genomic region to which it binds. FOXP1 may
affect the senescence state of cells through different
mechanisms in different cellular or tissue backgrounds,
which is worthy of further exploration [71, 72].

Nonetheless, there are several limitations of our study
that need to be considered. First, the study’s reliance on
publicly available data sets may introduce biases related
to sample selection and data quality. Because the data
come from different studies and platforms, there are
batch effects and platform differences, which may affect
the measurement of gene expression and the accuracy
of the analysis results. Second, while random forest and
SVM recursive feature elimination are powerful fea-
ture selection methods, their results may be affected
by parameter Settings and model assumptions. Differ-
ent algorithms may lead to different feature selection
results. In addition, there are confounding factors such
as demographic and clinical variables, medication use
and comorbidities, which may not be fully controlled
in the analysis. Finally, experimental validation of the
genes we have identified could further enhance our
findings.

In conclusion, our study has identified five novel SR-
DEGs play a crucial role in MDD progression. These
genes offer potential as therapeutic targets and diagnos-
tic markers, thus propelling the advancement the field of
precision medicine for MDD.
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