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Background: Mild cognitive impairment (MCI), a syndrome defined as decline of
cognitive function greater than expected for an individual's age and education
level, occurs in up to 22.7% of elderly patients in United States, causing the heavy
psychological and economic burdens to families and society. Cellular senescence
(CS) is a stress response that accompanies permanent cell-cycle arrest, which has
been reported to be a fundamental pathological mechanism of many age-related
diseases. This study aims to explore biomarkers and potential therapeutic targets
in MCl based on CS.

Methods: The mRNA expression profiles of peripheral blood samples from
patients in MCIl and non-MCI group were download from gene expression
omnibus (GEO) database (GSE63060 for training and GSE18309 for external
validation), CS-related genes were obtained from CellAge database. Weighted
gene co-expression network analysis (WGCNA) was conducted to discover the
key relationships behind the co-expression modules. The differentially expressed
CS-related genes would be obtained through overlapping among the above
datasets. Then, pathway and GO enrichment analyses were performed to further
elucidate the mechanism of MCI. The protein—protein interaction network was
used to extract hub genes and the logistic regression was performed to distinguish
the MCI patients from controls. The hub gene-drug network, hub gene-miRNA
network as well as transcription factor-gene regulatory network were used to
analyze potential therapeutic targets for MCI.

Results: Eight CS-related genes were identified as key gene signatures in MCI
group, which were mainly enriched in the regulation of response to DNA damage
stimulus, Sin3 complex and transcription corepressor activity. The receiver
operating characteristic curves of logistic regression diagnostic model were
constructed and presented great diagnostic value in both training and validation
set.

Conclusion: Eight CS-related hub genes — SMARCA4, GAPDH, SMARCB1, RUNX1,
SRC, TRIM28, TXN, and PRPF19 — serve as candidate biomarkers for MCI and
display the excellent diagnostic value. Furthermore, we also provide a theoretical
basis for targeted therapy against MCI through the above hub genes.
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1. Introduction

Mild cognitive impairment (MCI), an intermediate stage between
normal cognitive aging and dementia, is defined as poor cognitive
performance on neurocognitive tests without significant impairment
of instrumental activities of daily living (ADL). Etiologies associated
with MCI mainly include degenerative and vascular processes,
psychiatric causes, and some comorbidities like hypertension, diabetes
mellitus and hyperlipidemia. The latest US Census data show that the
adjusted prevalence of all-cause MCI was 22.7% (Rajan et al., 2021).
With the follow-up duration lasting over 5years, the annual rate of
progression to dementia has been estimated to 5-15% (Dunne et al.,
2021). So far, there is a roadblock to the early diagnosis and effective
treatments due to the lack of consistency with screening for MCI and
unclarified molecular mechanism. With the increasing aging
population, the prevalence of MCI among the elderly warrants
attention to explore the mechanism and identify the markers linked
to the diagnosis of MCI. Such markers may offer researchers a point
of intervention to minimize the future burden of dementia.

Cellular senescence (CS) is a stress response that can be induced
by DNA injury, telomere dysfunction, organelle stress, among others,
which is characterized by an essentially irreversible proliferative arrest,
abnormal metabolism of mitochondria as well as lysosomes. Senescent
cells have been recognized as a fundamental driving factor of some
senile chronic diseases, cancer and other age-related diseases (Sacz-
Atienzar and Masliah, 2020; Wissler Gerdes et al., 2020; Cortesi et al.,
2021). Senescent cells display three major characteristics — loss of
proliferation or regeneration capacity, alteration of metabolic
functions and resistance to apoptosis, and secretion of an array of
pathogenically active molecules, termed senescence-associated
secretary phenotype (SASP) (Khosla et al, 2020), a suite of
pro-inflammatory cytokines which could not only improve tissue
homeostasis through promoting myofibroblast differentiation as well
as wound healing in young people (Baker et al., 2016), they generate
a proinflammatory environment and recruit immune cells to
accelerate degenerative changes (Munoz-Espin and Serrano, 2014).
When a lot of immune cells were brought to the brain, it would further
induce neuroinflammation and exert an impact to cognitive
performance (Gaikwad et al., 2021; Guerrero et al., 2021; Sikora et al.,
2021). Besides, mitochondrial dysfunction can be often found in
senescent cells, such changes would make energy metabolism in these
senescent cells prone to be disordered and consequently generate
more free radicals damaging senescent cells themselves or the cells
around (Balaban et al., 2005). It is reported that age-related
accumulation of senescent cells may dysregulate neural stem cells
directly causing the decline of brain function in hippocampus, which
may be a potential mechanism in MCI (Fatt et al., 2022). Moreover,
the removal of these cells could significantly reduce the infiltration of
peripheral immune cells into the brain parenchyma and alleviate
aging-related inflammatory response and cognitive function (Zhang
etal., 2022).
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Neurodegenerative diseases such as Alzheimer’s disease (AD),
Parkinson’s disease, and other types of dementia are more likely to
occur as people age. Cell senescence was first discovered in vitro
after large numbers of cultured fibroblasts were examined (Hayflick,
1965), and there is increasing evidence suggesting that cellular
senescence plays an important role in age-related pathologies
(Campisi and Robert, 2014; Munoz-Espin and Serrano, 2014).
Given the consideration of the important role cellular senescence
plays in cognitive decline, we downloaded and analyzed the gene
expression dataset about MCI (GSE63060) from GEO and
senescence-related genes from the CellAge Database, hub genes
associated with cellular senescence on MCI were identified in this
study, 14 pairs of clinical samples were collected, patients with or
without MCI were matched on the basis of age and education. Then
multi-dimensional interaction networks were conducted to help
researchers further understand the mechanism of MCI and develop
novel treatments to alleviate the symptoms of MCI or slow
its progression.

2. Materials and methods
2.1. Data source

All the microarray data after normalization were analyzed by R
software. Microarray expression data for MCI patients and controls
were downloaded from the Gene Expression Omnibus (GEO)
database. The sample source of both GSE63060 and GSE18309 is
from human blood. The GSE63060 dataset that included 99 controls
and 80 MCI samples was used as training set, while GSE18309 dataset
which included 3 controls and 3 MCI samples was used as external
validation sets. 279 CS-related genes were acquired from Cell Age
database.!

2.2. Acquirement of differentially expressed
genes

Differential expression genes (DEGs) were analyzed between the
controls and MCI patients using the “limma” package in R software,
the cutoff values were adj.P.Val <0.05. The heatmap cluster and the
volcano plot about DEGs were created using the “pheatmap” and
“ggplots” packages via R software.

1 https://genomics.senescence.info/cells/
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2.3. Weighted gene co-expression network
analysis

A weighted co-expression network was constructed for the
expression profile data of the GSE63060 dataset with the help of
the WGCNA package of R software (Langfelder and Horvath,
2008). Firstly, samples were clustered to assess the presence of any
outliers. Then, the automatic network construction function was
used to get the co-expression network. An ideal soft threshold (B)
was selected and verified with the help of the “pick Soft Threshold”
function. The matrix data were then transformed into an
adjacency matrix, followed by clustering, to identify modules
based on the topological overlap. After completing the calculation
of module eigengene (ME) and merging similar modules in the
clustering tree according to ME, a hierarchical clustering
dendrogram was drawn. Modules were combined with phenotypic
data to measure the significance of genes as well as clinical
information, and analyze the correlation between modules and
clinical features. In this way we could find out which modules are
most relevant to MCI. After overlapping DEGs, module genes and
CS-related genes, we obtained the final DEGs associated with
CS-related genes (hereinafter referred to as CS-DEGs).

2.4. Functional annotation and pathway
enrichment analysis

Functional enrichment analysis of CS-DEGs was performed
in three domains of Gene Ontology (GO) database using the R
package “clusterProfiler” (The Gene Ontology Consortium, 2017),
including biological process (BP), cellular component (CC), and
molecular function (MF). The Kyoto Encyclopedia of Genes and
Genomes (KEGG) database contains datasets of pathways
involving biological functions, diseases, chemicals, and drugs
(Kanehisa and Goto, 2000). The enrichment analysis was carried
out by “cluster Profiler” package to determine the biological
functions of the genes and relevant pathways. p<0.05 was
considered statistically significant. “Omic Circos” package was
used to analyze and display the location of genes on chromosomes.

2.5. Protein—protein interaction network
construction

To further explore the interaction among the obtained CS-DEGs,
we used the Search Tool for the Retrieval of Interacting Genes
(STRING)? to construct a PPI network (Szklarczyk et al., 2015). Then,
Cytoscape plugin-Analyze Network was used to screen the significant
modules with the degree >3 in the PPI network, and hub genes from
CS-DEGs were obtained. The “ggpubr” package was used to perform
Spearman correlation analysis on these hub genes.

2 http://string-db.org/
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2.6. Construction and validation of the
logistic regression diagnostic model

To effectively differentiate the MCI from controls, the logistic
regression diagnostic model was constructed using the glm function
in R language (Friedman et al., 2010). The gene expression was seen
as continuous variable and sample type as binary classification
variable. The stepwise regression method was used to screen the
variables with p <0.05, and the final adjusted model was established
based on the screened variables. The diagnostic and predictive
performance to MCI of the logistic regression model would
be evaluated by receiver operating characteristic (ROC) analysis.

2.7. Correlation and functional similarity
analysis of hub genes and gene set
enrichment analyses analysis

The “ggpubr” package was used to perform Spearman correlation
analysis on hub genes. Moreover, the functional similarity among
proteins was evaluated using the geometric mean of semantic
similarities in CCs and MFs through the GOSemSim package (Yu
et al., 2010). Functional similarity, the geometric mean of their
semantic similarities in GO-MF and GO-CC terms, is designed for
measuring the strength of the relationship between each protein and
its partners by considering function and location of proteins.
Moreover, GSEA of hub genes were performed using the “GSEABase”
packages, KEGG gene sets were used as a reference, with p <0.05 being
a statistically significant difference.

2.8. Construction of gene-drug interaction
network and regulatory network of hub
genes

In order to explore the potential therapeutic drugs for MCI, drugs
targeting proteins encoded by key genes were identified through the
DGIdb database.® Then we used NetworkAnalyst database' and
starBase databases’ to predict the transcription factors (TFs) and
miRNAs related to hub genes. The association between hub genes and
their TFs or miRNAs were integrated into a regulatory network using
Cytoscape software.

2.9. Sample collection

This study was approved by the Medical Ethics Committee of the
Third Central Clinical College of Tianjin Medical University (approval
number: IRB2022-011-02), which complied with the Declaration of
Helsinki. All subjects signed informed consent. Patients with the age
of more than 65years and undergoing lumbar decompression and
fusion were enrolled. Total of 14 MCI patients and 14 controls were
enrolled in the study, and subjects undergoing MCI were matched

3 https://dgidb.genome.wustl.edu/
4 https://www.networkanalyst.ca/

5 https://starbase.sysu.edu.cn/index.php
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with healthy controls according to age and gender. All subjects
underwent a structured interview and a battery of neuropsychological
assessments, such as MMSE, MoCA and Clinical Dementia Rating
(CDR). MCI was identified as follows: MMSE < 27 (17-27 for illiterate
individuals, 20-27 for participants with elementary school education,
and 24-27 for those with middle school education and above; Mitchell,
2009), MoCA scores in the range of 15-24 (Memoria et al., 2013), and
CDR equal to 0.5.

2.10. RNA extraction and quantitative
real-time-PCR

The blood samples were collected before surgery. The
peripheral blood mononuclear cells (PBMCs) were extracted
using Lymphocyte Separation Medium (Human) (P8610,
Solarbio, Beijing, China), washed with 1 x PBS (FZ1258, Solarbio,
Beijing, China) 3 times and then total RNA from PBMCs was
extracted by the TRIzol reagent (15596026, Thermo Fisher
Scientific Inc., Waltham, MA, United States). The Nano
Drop 2000 Spectrophotometer (Thermo Fisher Scientific,
Waltham, MA, United States) was utilized to measure the
concentration and purity of the extracted RNA, with the A260/
A280 between 1.8 and 2.0. The cDNA synthesis was conducted
using the reverse transcription kit (RR036A, Takara, Japan).
Using P-actin as a reference, we performed QRT-PCR with the
SYBR Premix Ex Taq IT (RR820A, Takara, Japan) on an ABI 7500
instrument (Applied Biosystems, Foster City, CA, United States),
with 3 duplicates each well. Primer sequences (Sangon Biotech,
Shanghai, China) for reference and candidate genes are shown in
Table 1. The 2744 method was applied to calculate the relative
expression level of mRNA.

TABLE 1 Primer sequences for QRT-PCR.

Gene Primer sequence (5'—3’)

SMARCA4 Forward CAAAGACAAGCACATCCTCGCC
Reverse GCCACATAGTGCGTGTTGAGCA
SMARCB1 Forward GGCATCAGAAGACCTACGCCTT
Reverse CTCCATCTCAGCGTCTGTCAGA
RUNX1 Forward CCACCTACCACAGAGCCATCAA
Reverse TTCACTGAGCCGCTCGGAAAAG
SRC Forward CTGCTTTGGCGAGGTGTGGATG
Reverse CCACAGCATACAACTGCACCAG
TRIM28 Forward CAAGATTGTGGCAGAGCGTCCT
Reverse CATAGCCTTCCTGCACCTCCAT
TXN Forward GTAGTTGACTTCTCAGCCACGTG
Reverse CTGACAGTCATCCACATCTACTTC
PRPF19 Forward TGGGCTTTCTCTGACATCCAGAC
Reverse CCTGTTCCAAAGATGAGTCCGTC
B-actin Forward CACCATTGGCAATGAGCGGTTC
Reverse AGGTCTTTGCGGATGTCCACGT

Frontiers in Aging Neuroscience

10.3389/fnagi.2023.1139789

3. Results

3.1. Identification of DEGs and
co-expression network construction

A total of 5,017 DEGs, including 2,605 up-regulated genes and
2,412 down-regulated genes, were obtained when comparing MCI
cases to controls (Figure 1A, adj.P.val <0.05). The heatmap showed the
most significant 10 up-regulated and down-regulated genes
(Figure 1B).

The co-expression network was constructed by WGCNA to
further identify genes strongly associated with MCI, followed by
clustering of samples and 8 outliers need to be culled (Figure 2A). A
soft threshold of =10 was selected for consistency with the scale-free
network. 19 modules were identified based on average hierarchical
clustering and dynamic tree clipping (Figures 2B,C). The correlations
of the above 19 modules with MCI and controls were presented via
heat maps, with two key modules including green and brown
contained a total of 2,394 genes demonstrating the highest correlation
with MCI (cor=-0.5, p <0.001 in green module; cor=0.49,
P <0.001 in brown module; Figure 2D).

3.2. Go and KEGG enrichment analysis of
CS-DEGs

We overlapped 2,394 module genes and DEGs to obtain 1865
MCl-related DEGs (Figure 3A). Furthermore, after intersecting the
CS-related genes (CGRs) with MCI-related DEGs, we found total 33
CS-DEGs (Figure 3B). Localization analysis revealed that these 33
CS-DEGs were mainly located in 14 pairs of chromosomes
(Figure 3C).

In GO analysis, the above 33 CS-DEGs were classified into
biological process (BP), cellular component (CC), and molecular
function (MF). Among BP classes, CS-DEGs were mainly enriched in
the response to DNA damage stimulus and reactive oxygen species. In
the CC category, the genes expressed were mostly enriched in
transcription corepressor activity, transcription coregulator activity
and core promoter sequence-specific DNA binding. The pathways
enriched by GO-MF were principally associated with Sin3 complex,
npBAF complex and XY body (Figure 4A). GO enrichment analysis
showed that CS-DEGs were mainly enriched in transcription
corepressor activity, transcription coregulator activity and response to
DNA damage stimulus (Figure 4B). Next, we performed KEGG
pathway enrichment analysis to further understand gene biological
functions of CS-DEGs and it did not reveal significantly
enriched pathways.

3.3. PPl network construction and module
analysis

To further analyze the interaction of 33 CS-DEGs, Analysis of PPI
network was performed using STRING and visualized by Cytoscape
under default parameters (Figure 5A). By using Analyze Network
plugin, the 8 genes - SMARCA4, GAPDH, SMARCBI, RUNXI, SRC,
TRIM28, TXN, and PRPF19 - were selected as potential hub genes
(Figures 5B,C). The expressions of all genes except TXN were
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upregulated in MCI and all displayed difference between groups
(Figure 5D).

3.4. The logistic regression model for the
diagnosis of MCI

In order to further elucidate the clinical predictive value of the 8
hub genes, we applied the logistic regression model. Taken together,
the logistic regression model established based on the hub genes could
effectively identify individuals with or without MCI. The results of
ROC curve in training set (AUC=0.816) and validation set
(AUC=0.889) show the great predictive power of the model and
suggest that these eight genes may be potential treatment targets for
patients with MCI (Figures 6A,B).

3.5. Analysis of interaction effect and
functional similarity for hub genes

The correlation results showed that TXN had the negative
correlation with other hub genes. Among them, TXN had the strong
negative correlation with TRIM28 (cor =—0.74), the next was PRPF19
(cor=-0.69). PRPF19 and TRIM28 had the strongest positive
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correlation (cor=0.68), followed by the correlation between
SMARCBI and PRPF19 (cor=0.62; Figure 7A). Moreover, we ranked
hub genes based on the average functional similarity relationships
among proteins within the interactome of 8 hub genes. SMARCA4,
SMARCBI and TRIM28 were the three top-ranked proteins
potentially playing key roles in MCI (Figure 7B).

By performing GSEA analysis of each hub gene, we found that all
hub genes were associated with “KEGG_RIBOSOME” and “KEGG_
PARKINSONS_DISEASE” The top five important pathways
associated with PRPF19 and RUNX1 were the same. PRPF19, RUNX1,
SMARCA4, SMARCBI, SRC, TRIM28, and TXN were related to
“KEGG_OXIDATIVE PHOSPHORYLATION.” PRPF19, RUNXI1,
SMARCA4, SMARCBI1, TRIM28, and TXN were associated with
“KEGG_ALZHEIMERS_DISEASE” (Figures 8A-H). These indicated
that MCI shares common features with AD and Parkinson’s disease.

3.6. Construction of hub gene-drug
interaction network and regulatory
network of hub genes

In order to explore the interaction between 8 hub genes and
potential treatment of MCI, drugs associated with the key genes
were identified by DGIdb database. The interested genes

frontiersin.org
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(SMARCA4, GAPDH, SMARCBI, RUNX1, SRC, TRIM28, TXN,
and PRPF19) are used as search terms and determined the extant
drugs targeting these genes. Plenty of drugs could affect the
expression of these eight hub genes except for PRPF19 and
TRIM28, and a total of 124 drug-gene interaction pairs are in
this network. Among them, SRC, RUNX1 and GAPDH were the
top 3 hub genes targeted by 56, 35, 15 drugs, respectively
(Figure 9).

we entered the 8 hub genes (SMARCA4, GAPDH, SMARCBI,
RUNXI, SRC, TRIM28, TXN, and PRPF19) in starBase and
NetworkAnalys database as search terms, and the searched results
about miRNAs-genes and TFs-genes network were constructed by
Cytoscape software. Among them, miRNAs targeting at least three
hub genes were selected to construct the network. Finally, the network
composed of 8 hub genes, 385 miRNAs and 39 TFs were established
(Figure 10).

Then we recruited patients for clinical study to validate the
above findings. After analyzing the basic demographic data for
the enrolled patients, we found there were no differences in age,
gender, BMI, ASA and preoperative comorbidity among patients
with or without MCI, while educational attainment and
neuropsychological test shows statistic difference, which was
consistent with our diagnostic criteria for MCI (Table 2). The
transcriptional changes of hub genes were detected in the
PBMCs from patients with or without MCI by QRT-PCR
(Figure 11). The results indicated that the expression levels of
TXN was decreased in MCI group in comparison with those in
controls, while PRPF19, RUX1, SMARCA4, SRC and TRIM28
were increased in MCI group, which was basically in line with
GSE63060 and GSE18309. However, the expression level of
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SMARCBI shows no statistical difference between MCI group
and non-MCI group.

4. Conclusion

This work has shown that the mRNA levels of SMARCA4,
GAPDH, SMARCBI, RUNXI, SRC, TRIM28, TXN and PRPF19 in
PBMC:s are effective diagnostic biomarkers in MCI. Multifactorial
interaction networks related to CRGs have been successfully
constructed and these results would largely contribute to the
understanding of the pathogenesis of MCI and provide the foundation
to explore novel therapeutic targets for MCI.

5. Discussion

The rate of mean annual conversion to dementia in MCI (10%) is
far higher than that in the general population (1-2%) (Yan et al.,
2022). With the consideration of reversible characteristic of MCI, this
stage would provide an optimal window to the early prevention and
intervention of dementia. Thus, potential markers for diagnosis and
treatment with high efficiency are urgently demanded. In the present
study, we identified hub genes related to cellular senescence and
developed a diagnostic model for MCI. Gene expression microarray
data from GSE18309 and clinical samples were used to further verify
the value of this model. We found that 8 biomarkers - SMARCAA4,
GAPDH, SMARCBI, RUNXI, SRC, TRIM28, TXN and PRPF19 -
could identify individuals with MCI with ROC curve in training set
(AUC=0.816) and validation set (AUC=0.889).
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Protein—protein interaction (PPI) network construction and the expression of 8 hub-genes. (A) PPl network constructed with the CS-DEGs. (B,C) The
significant module identified from the PPI network using the molecular complex detection (MCODE) method. (D) The expressions of 8 hub-genes.
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Enrichment analysis of pathway and gene ontology (GO) involved hub genes. (A—H) Gene Set Enrichment Analysis (GSEA) of TRIM28, GAPDH, TXN,
PRPF19, RUNX1, SMARCA4, SMARCBL1 and SRC. Different colors represent different signaling pathways.
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In this study, people with or without MCI were compared to identify
differentially expressed genes, and 1,865 genes differentially expressed in
key modules were identified based on WGCNA. We identified gene sets
with similar expression patterns and analyzed the relationship between
gene sets and sample phenotypes based on WGCNA analysis of key
module genes, MCI was the sample phenotype compared to the control
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group, MCI correlated genes were identified as genes associated with the
disease, the expression differences of individual genes are not considered
in this analysis, thus, genes differentially expressed between MCI samples
and controls were screened. Then the 1865 DEGs intersect with genes
involved in cellular senescence, from the intersection of the DEGs with
the genes involved in cellular senescence, DEGs associated with cellular
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FIGURE 9

Hub gene-drug interaction network. The orange circles represent hub-gene and white rectangles represent small molecule drugs.

FIGURE 10
The miRNA-gene network (A) and transcription factor-gene regulatory network (B). The orange circles represent hub-genes, purple triangles represent
mMiRNAs and blue diamonds represent TFs.

senescence were identified. GO and KEGG enrichment analyses were  can be affected by DNA damage and the cellular DDR, which would alter
performed to explore interactions among these 33 CS-DEGs which  cell fate, deregulate intercellular communication, mutations or
appeared to be associated with cellular senescence and MCI via DNA ~ chromosomal aberrations caused by DNA damage, and then trigger
damage repair and histone deacetylation. According to the results of ~ genome instability as well as cellular senescence (Williams and
GO-BP, CS-DEGs were mainly enriched in regulation of DNA damage ~ Schumacher, 2016; Mladenov et al.,, 2018; Petr et al., 2020). In addition the
response, reactive oxygen species (ROS) response and positive regulation ~ damage of genes encoding for critical neuronal functions could affect
of oxygen species response. ROS are a group of short-lived, highly  synaptic plasticity, learning as well as memory formation (Kim et al., 2022;
reactive, oxygen-containing molecules, which are necessary for the — Miller et al,, 2022; Yoon et al., 2022). Moreover, the high level of ROS as
communication between nucleus and mitochondria but have detrimental ~ well as subsequent DNA damage would make the brain exposed to
effects at extremely high levels via damaging DNA, activating DNA  oxidative stress and such pathologic changes would increase the
damage response (DDR) (Valko et al., 2007). Many molecular processes  accumulation of amyloid-{ as well as neurofibrillary tangles, neuronal loss
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TABLE 2 Demographic data for patients with/without MCI.

10.3389/fnagi.2023.1139789

non-MClI (n=14) MCI (n=14) t/Z/y? P value
Preoperative data
Male sex, n (%) 50.00% (n=7) 50.00% (n=7) 0.000 1.000
Age (yr) 69.50 (64.75, 73.50) 67.50 (66.00, 70.25) —0.554 0.603
BMI (kg/m?) 25.95 (23.94, 27.12) 27.34 (24.28, 28.92) —-0.827 0.427
ASA (I/III), n 10/4 9/5 0.164 0.686
Education level (yr) 12.00 (9.00, 12.00) 7.00 (3.75, 9.00) —2.802 0.005*
Comorbidity, before operation
Hypertension, n (%) 57.14% (n=8) 64.29% (n=9) 0.150 0.699
Diabetes, 1 (%) 14.29% (n=2) 28.57% (n=4) 0.848 0.357
Coronary Artery Heart Disease, 1 (%) 14.29% (n=2) 21.43% (n=3) 0.243 0.622
Neuropsychological test
MMSE 29.00 (28.00, 29.00) 24.00 (22.75, 25.25) —4.425 0.000*
MoCA 25.00 (22.75, 26.25) 20.00 (16.00, 22.00) —4.020 0.000*

Descriptive results of continuous variables were presented as the means + standard deviations, median with inter-quartile range or numbers with percentages. The P-value is calculated by the
independent-samples T test, Kruskal-Wallis H test or chi-square test, respectively. *p<0.05 compared with group non-MCIL.
MCI, mild cognitive impairment; BMI, Body Mass Index; ASA, American Society of Anesthesiology; MMSE, mini-mental state examination; MoCA, Montreal Cognitive Assessment.
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FIGURE 11
QRT-PCR validation of the hub genes between controls and MCI. The data were expressed as mean+SEM (short for standard error of mean). *p<0.05,
**p<(0.01, ***p<0.001, ****p<0.0001, ns means no significance.

and microglia activation, resulting in the occurrence and progression of
neurodegenerative diseases, such as MCI, AD, among others (Alkterin
et al., 2006; Ghosh et al., 2015; Buccellato et al., 2021). In terms of the
results of GO-MF and GO-CC, most of genes or pathways are principally
associated with the regulation of cell cycle and the self-renewal or
proliferative capacity of cells (Simone, 2006; Gupta et al., 2020; Braun
etal, 2021; Mitra et al,, 2022). In term of ME, mounting evidence showed
that sequence-specific activators and repressors interact with coregulators,
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which in turn either stimulate or inhibit the binding or function (or both)
of some transcription complex (Mannervik et al, 1999). As core
component of transcriptional corepressor complex, Sin3 plays a
transcriptional inhibitory role by binding to histone deacetylase (HDAC)
(Kadamb et al,, 2013). Sin3/HDAC complex have been implicated in
learning and memory, whose dysregulation has been linked to cognitive
impairment in brain aging and neurodegenerative diseases (Griff et al.,
2012). with the help of Sin3, HDAC would be promptly recruited to break
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sites to catalyze H3K56 as well as H4K16 deacetylation when confronting
DNA double-strand breaks (DSBs) and stimulate DSB repair through the
nonhomologous end joining (NHE]) pathway. Therefore, it exerts an
important regulatory influence on individual learning and memory
through the changes of synaptic plasticity, dendritic spine density and
synapse number (Fischer et al., 2007; Guan et al,, 2009; Griff et al,, 2012;
Cummings et al., 2018). The ATP-dependent chromatin remodeling
complex BAE namely SWI/SNE mainly consists of SMARCBI,
SMARCA4, SMARCA2, SMARCEI1, ARID1A as well as ARID1B (Santen
et al,, 2013), and is crucial for the regulation of gene expression and
differentiation. It is reported that npBAF is essential for neural
development whose subunits have an enormous influence on dendritic
morphogenesis, neuronal subtype maturation and learning as well as
long-term memory (Alfert et al., 2019).

From the CS-DEGs, we identified genes with >10 connections in the
PPI network analysis as hub genes. 8 hub genes were identified, which
included SMARCA4, GAPDH, SMARCBI, RUNX1, SRC, TRIM28,
TXN and PRPF19, among which all hub genes were up-regulated in MCI
except for TXN. Logistic regression model was constructed to predict the
risk of MCI (AUC=0.816 in training set, 0.889 in validation set), which
revealed a high diagnostic value for MCIL. TXN is involved in many
antioxidized and antiapoptotic reactions, at least two isoforms of which
have been characterized in mammals, TXN1 (mainly in cytosolic) and
TXN2 (mainly in mitochondrial). TXN contributes to the response to
intracellular nitric oxide (NO) via the reversible S-nitrosylation of
cysteine residues in CASP3, and thereby inhibits caspase-3 activity
(Mitchell et al.,, 2007; Glaser et al., 2008). Besides, TXN-1 is required for
nerve growth factor-mediated signal transduction and neurite
outgrowth, and is involved in synaptic protein expression induced by
BDNF (Bai et al.,, 2019). Thus, TXN is a promising early biomarker of
AD, AD patients’ hippocampus tissue sections displayed abnormal
TXNI1 immunoreactivity and expression pattern, as promising early
biomarkers of AD compared to controls (Arodin et al., 2014). TXN had
strong negative correlation with TRIM28, which means TRIM28 would
play a protective role in the pathogenesis of MCI. TRIM28 could bind to
zinc finger proteins containing KRAB, acts as a transcriptional cofactor
and an E3 ubiquitin ligase. The phosphorylation of TRIM28 at S473
promoted association between TRIM28 and cap binding complex
dependent translation initiation factor (CTTF), which inhibits aggresome
formation (Chang et al., 2021). It has been found that TRIM28 could
regulate a-Syn and tau levels via SUMOylation and is highly expressed
in neurodegenerative brain tissues (Rousseaux et al.,, 2016, 2018). As
another Ubiquitin-protein ligase, pre-mRNA processing factor 19
(Prpf19/prp19) mainly involved pre-mRNA splicing and plays a
neuroprotective role in the DDR. PRPF19 was upregulated during
neurodegeneration, for it can antagonize exocyst complex component 7
(Exoc7) to improve neurodegeneration by degrading misfolded proteins
in neurons through the ubiquitin-proteasome system, therefore, patients
with MCI are often accompanied by higher PRPF19 levels than patients
with normal cognitive function (Chen et al., 2021). SRC is a tyrosine-
protein kinase whose activity can be inhibited by phosphorylation by
c-SRC kinase. c-SRC and other tyrosine-phosphorylating protein kinases
with a similar structure to c-SRC gave rise to the concept of Src family
kinases (SFKs), SFK stimulation has been associated with microglial
activation and neuropathological conditions, including Alzheimer’s and
Parkinson’s. Fyn, an Src family non-receptor tyrosine kinase, has been
linked to synaptic plasticity, which is a cellular mechanism for learning
and memory. Fyn could upregulate amyloid-beta peptides (Ap)
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production and mediate AB-induced synaptic deficits and neurotoxicity,
in addition, Fyn could also induce tau tyrosine phosphorylation and then
form neuroillary tangles (Bhaskar et al., 2005; Yang et al., 2011). The
amyloid plaques and neurofibrillary tangles would finally lead to
neurotoxicity and cognitive impairment (Haass and Mandelkow, 2010).
RUNXI belongs to master regulators for the age-dependent microglia
module and increases the level of G9a through histone lysine
methylation, leading to the increase of neuroinflammatory markers such
as interleukin-6, tumor necrosis factor-a and then cognitive impairment
in rats (Grinan-Ferre et al., 2019; Li et al., 2020). GAPDH is an enzyme
known for its propensity to form aggregates when oxidized or complexed
with mutant proteins and the amount of soluble or insoluble GAPDH
complexes with A in the CSF from patients with various stages of AD
directly correlated with the severity of the disease (Gerszon and Rodacka,
2018; Lazarev etal., 2021). Thus, GAPDH is a promising pharmacological
target for AD.

In order to further explore the possibility of these eight hub genes
as potential therapeutic targets for MCI, we analyzed the interaction
between the hub genes and available therapeutic drugs of MCI and
found that numbers of drugs could affect the expression of these
hub genes.

The DGIdb database was used to identify compounds targeting
the proteins encoded by hub genes and 124 drugs were finally found.
Natural organic acids may exert beneficial effects to improve cognition
through increasing energy metabolism, taking part in antioxidant and
anti-inflammatory, and thereby reducing damage and death of neural
cells (Kolker et al., 2008; Colin-Gonzalez et al., 2015). Nutritional
supplementation of gallic acid preserve the morphological and
physiological integrity of the hippocampus against environmental
neurotoxins by mopping up free radicals associated with oxidative
stress induced AD (Ogunlade et al., 2022). Estradiol, has been widely
reported owing to their neuroprotective action because they give rise
to a wide range of cell signals and generate effects in genes by means
of canonical pathways or through non-conventional mechanisms that
are involved in neuronal survival, dendritogenesis and synapse
remodeling (Barrera Ocampo et al., 2008). The Src family kinase
inhibitor, saracatinib, targeting Fyn as a therapeutic intervention in
AD, based on its activation by Ap via cellular prion protein but also
due to its known interaction with tau, uniquely linking the two key
pathologies in AD. Bosutinib also increased survival in vitro of ALS
iPSC-derived motor neurons from patients with sporadic ALS,
bosutinib treatment modestly extended survival of a mouse model of
ALS with an SOD1 mutation, suggesting that Src/c-Abl may be a
potentially useful target for developing new drugs to treat ALS
(Imamura et al,, 2017). Drugs known to have effects on other
neurodegenerative diseases could provide a new direction for
MCI research.

Micro-RNAs (miRNAs) play a critical role in regulating gene
expression. They would bind to specific messenger RNAs (mRNAs)
and inhibit their translation as well as related protein synthesis, which
is important for many cellular processes, including development,
differentiation, and apoptosis. For instance, hsa-miR-212-5p could
influence cognition by inhibiting SRC in our study;, it is because
hsa-miR-212-5p reduces neuronal synaptic plasticity by
downregulating BDNF, MECP2, CREB and PTEN. The Inhibition of
hsa-miR-212-5p would increase the expression of these proteins and
improve cognitive performance, such as learning and long-term
memory formation (Li and Cai, 2021). It has been reported that
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miRNA-455-5p/CPEBI1 pathway mediated synaptic and memory
deficits in Alzheimer’s Disease through targeting on AMPARs (Xiao
et al., 2021). Research has shown that the expression of miR-421 is
related to neurodegenerative diseases such as Alzheimer’s disease,
Parkinson’s disease, and stroke (Yang et al., 2017; Angelopoulou et al.,
2019; Ouyang et al, 2022). miR-421 may be involved in the
pathogenesis and development of these neurological diseases through
mechanisms such as regulating neuron development, metabolism, and
immune responses. In neuroscience, TFs are considered important
regulatory factors for memory and cognitive function. They can affect
the development of neurons, synaptic development, and synaptic
plasticity, thereby affecting memory formation and cognitive function.
The loss or mutation of transcription factors may be related to
neurological disorders and cognitive impairment. The lack of the
transcription factor CREB (cAMP response element binding protein)
may lead to impaired learning and memory function (Amidfar et al,
2020). The STAT signaling pathway also plays an important role in
regulating memory and cognition. STAT3 plays a crucial role in
synapse development by controlling axonal guidance and synapse
formation, affecting the transmission of neural potentials and memory
STAT3 binds
neurotransmitter receptors, regulating glutamate release and function

generation and storage. to glutamatergic
of glutamatergic neurons, thereby affecting memory processing and
retrieval (Larsen et al., 2021). Overall, a number of miRNAs as well as
TFs were identified that affect expression of these genes, and hence the
pathological processes of MCI. The discussion of known effects of
targeting these TFs or genetic variations in them in MCI and other
neurodegenerative diseases would be helpful and may provide a
brand-new research direction for the diagnosis and treatment of MCI
and, further, a theoretical basis for the follow-up experimental
research on MCI. However, whether MCI patient with over-expression
or under-expression of these hub genes could benefit from the
regulation of hub genes, or whether these hub genes are promising,
therapeutic targets still need further experimental supports including
pre-clinical and prospective clinical studies.

There are several limitations in our present study. First, we only
used the GEO database data and real samples from a single center
for internal as well as external validation, and we still need data
from other databases or multiple centers for further validation to
test the applicability of the predictive signature. Second, when
analyzing the DEGs or CS-DEGs, with the consideration of the
complexity of datasets in our study, it is difficult to consider some
important factors, such as gender, races, regions, among others.
Finally, we found the expression changes of eight hub genes in MCI,
nonetheless, the detailed mechanism of such changes was not clear.
Therefore, more evidences are required to find out the
biological foundation.

Briefly, the cellular senescence-related gene signature can
accurately diagnose the occurrence of MCI, they may provide a new
avenue for MCI mechanism and treatment.
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