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Abstract

Background Alzheimer’s disease (AD) is the most common neurodegenerative disease. Mitochondrial dysfunction
and immune responses are important factors in the pathogenesis of AD, but their crosstalk in AD has not been stud-
ied. In this study, the independent role and interaction of mitochondria-related genes and immune cell infiltration

in AD were investigated using bioinformatics methods.

Methods The datasets of AD were obtained from NCBI Gene Expression Omnibus (GEO), and the data of mitochon-
drial genes was from MitoCarta3.0 database. Subsequently, differential expression genes (DEGs) screening and GSEA
functional enrichment analysis were performed. The intersection of DEGs and mitochondrial related genes was used
to obtain MitoDEGs. The MitoDEGs most relevant to AD were determined by Least absolute shrinkage and selec-
tion operator and multiple support vector machine recursive feature elimination, as well as protein—protein interac-
tions (PPI) network and random forest. The infiltration of 28 kinds of immune cells in AD was analyzed by ssGSEA,
and the relationship between hub MitoDEGs and the proportion of immune infiltration was studied. The expression
levels of hub MitoDEGs were verified in cell models and AD mice, and the role of OPAT in mitochondrial damage
and neuronal apoptosis was investigated.

Results The functions and pathways of DEGs were significantly enriched in AD, including immune response activa-
tion, IL1R pathway, mitochondrial metabolism, oxidative damage response and electron transport chain-oxphos
system in mitochondria. Hub MitoDEGs closely related to AD were obtained based on PPl network, random forest
and two machine learning algorithms. Five hub MitoDEGs associated with neurological disorders were identified

by biological function examination. The hub MitoDEGs were found to be correlated with memory B cell, effector
memory CD8T cell, activated dendritic cell, natural killer T cell, type 17 T helper cell, Neutrophil, MDSC, plasmacytoid
dendritic cell. These genes can also be used to predict the risk of AD and have good diagnostic efficacy. In addition,
the mRNA expression levels of BDH1, TRAP1, OPA1, DLD in cell models and AD mice were consistent with the results
of bioinformatics analysis, and expression levels of SPG7 showed a downward trend. Meanwhile, OPAT overexpression
alleviated mitochondrial damage and neuronal apoptosis induced by AB1-42.
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Conclusions Five potential hub MitoDEGs most associated with AD were identified. Their interaction with immune
microenvironment may play a crucial role in the occurrence and prognosis of AD, which provides a new insight
for studying the potential pathogenesis of AD and exploring new targets.

Keywords Alzheimer’s disease, Mitochondria, Immune infiltration, Bioinformatics analysis

Introduction

Alzheimer’s disease (AD) is a progressive neurodegen-
erative disease and the main cause of dementia, account-
ing for 60—80% of dementia patients. Dementia refers to
the decline of many brain functions, including memory,
reasoning and language. The progression of AD can last
15-25 years. AD is mainly characterized by memory
loss and cognitive impairment, and the patient’s abil-
ity to independently carry out daily activities is reduced.
The biggest risk factors for AD are advanced age (over
65 years) and carrying at the apolipoprotein E €4 (APOE
€4) allele [1, 2]. New biomarkers including PET scans
and plasma measurements of amyloid B (Ap) and phos-
phorylated tau (p-tau) hold great help for AD diagnosis.
In addition to the biochemical amyloid and tau pathol-
ogy that are core features of AD, microglia responses,
the vascular system, blood—brain barrier, the peripheral
immune system, glymphatic and other clearance systems,
and potentially the gastrointestinal microbiome influence
the clinical progression of the disease [2]. Current treat-
ments for AD include cognitive improvement therapy,
treatment of neuropsychiatric symptoms, and disease
modification therapy. But some drugs are still being stud-
ied and are not very effective. Therefore, new progress
in the diagnosis and treatment of AD remains an urgent
task.

It is widely believed that neuroinflammation in AD is
mediated by microglia and astrocytes [3]. Substantial
evidence has emerged for the involvement of innate and
adaptive immune responses in the development or pro-
gression of AD [4, 5]. More recently, it has been found
that increased T cell infiltration promotes crosstalk
between T cells and microglia, leading to further accel-
eration of neuroinflammation [6, 7]. Similarly, peripheral
B lymphocytes can enter the central nervous system of
AD patients, break through the blood—brain barrier, and
promote the activation of immune response by interact-
ing with the stationed brain cells [8]. Phenotypic changes
of circulating neutrophils at different stages of AD affect
systemic chronic inflammation and the rate of cognitive
decline [9]. Natural killer cells, peripheral dendritic cells,
and mast cells were all associated with an increased risk
of AD injury [10, 11]. These findings highlight the critical
role of immune cells in AD.

Mitochondria are indispensable organelles to main-
tain cell energy metabolism and signal organelles to

maintain cell biological functions. Compounds that
reduce ROS levels, regulate mitochondrial metabolism,
enhance mitochondrial biogenesis may be potential
methods to delay aging and treat neurodegenerative
diseases by restoring mitochondrial homeostasis [12,
13]. Auwerx et al. have shown that amyloid-f proteo-
toxic could be reduced by increasing mitochondrial
proteostasis [13]. In addition, Fang et al. found that
impairment of mitophagy induces cognitive deficits by
affecting AP and Tau accumulation through increased
oxidative damage and mitochondrial energy defects
[14]. Meanwhile, mitochondrial miRNAs have also
been shown to affect ATP production, oxidative stress,
mitochondrial dynamics, and thus regulate AD pro-
gression [15]. It must be mentioned that mitochondria
dysfunction plays an important role in exacerbating
inflammatory responses in multiple ways [16]. Dys-
functional mitochondria release mitochondrial com-
ponents [including mitochondrial DNA (mtDNA)]
through a variety of mechanism that induce inflamma-
tory responses through pattern recognition receptors
(PRRs). For example, impaired mitophagy contributes
to inflammation, and likewise, an increase in mito-
chondrial ROS and mtDNA stimulates the cyclic GMP-
AMP synthase (cGAS)—stimulator of interferon genes
(STING) pathway to increase interferon signaling [17,
18]. In ageing microglia, the reduced glucose flux and
mitochondrial respiration lead to maladaptive proin-
flammatory responses [19]. Drugs to prevent AD by
improving mitochondrial function has been widely
studied, such as mitochondrial fission protein inhibi-
tors, drugs that promote fusion, as well as antioxidants
including MitoQ, vitamin E and curcumin [20, 21]. The
mitochondrial gatekeeper protein, VDACI1, has been
shown to be a promising drug candidate for AD [22].
However, the crosstalk between mitochondrial genes
and the immune microenvironment has been little
studied in AD.

Based on the important role of mitochondria in the
occurrence and development of AD, we will further
understand the role of mitochondria-related genes in
regulating mitochondrial function and immune pro-
gression, so as to provide certain reference value for
the pathogenesis and diagnosis of AD. We explored
the potential molecular mechanism by searching GEO
database, and analyzed the role of mitochondria-related
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genes in AD development and their relationship with
immune infiltration, which contributed to a better
understanding of the immune metabolism in the devel-
opment of AD.

Materials and methods

Data acquisition

The series matrix files and platform’s annotation files
were obtained from the NCBI GEO public database.
GSE122063 contained RNA expression data generated
by the GPL16699 platform, including 56 AD samples and
44 non-demented (ND) controls from humans. The data
were background corrected, normalized between arrays,
and log2 transformed [23]. Samples from three datasets
GSE132903, GSE33000 and GSE44770 were selected
to validate the hub genes. GSE132903 is annotated by
GPL10558 and includes 97 AD samples and 98 ND sam-
ples from humans. GSE44770 is annotated by GPL4372,
comprising 129 AD samples and 101 ND samples from
humans. GSE33000 is annotated by GPL4372 and com-
prises 310 AD samples and 157 ND samples.

Differential expression genes (DEGs) analysis

Differential expression genes of expression series matrix
was identified using the “limma” R package in R soft-
ware [24]. And principal component analysis (PCA) was
obtained with R package “factoextra” [25]. Genes with
adj.p.val (false discovery rate (FDR)-adjusted)<0.05
and |log2 (Fold-change)|>0.58 (Fold change>1.5) [26,
27] were identified as DEGs. The “pheatmap” [28] and
“ggplot2” [29] packages were used to visualize the DEGs
results, creating heat maps and volcano plots.

Functional enrichment analysis of gene

Gene Set Enrichment Analysis (GSEA) [30] was per-
formed using R package “clusterProfiler” [31] and “GSEA-
Base” [32]. The Molecular Signatures Database (MSigDB)
“c2.all.v2023.1.Hs.entrez” and “c5.all.v2023.1.Hs.entrez”
as the reference gene set. The results were visualized with
R package “enrichplot” [33].

Extraction of mitochondria-related DEGs (MitoDEGs)

There are 1136 mitochondria-related genes in the Mito-
Carta3.0 database [34]. MitoDEGs were obtained by
crossing the above DEGs with mitochondria-related
genes, which were visualized via Venn diagram [35].
Then, the top 50 MitoDEGs with the most significant dif-
ferences were visualized using R packets “pheatmap” [28].

Identification of hub MitoDEGs

Based on the MitoDEGs obtained from the above analy-
sis, the “glmnet” package [36] was used to identify hub
MitoDEGs by performing the Least Absolute shrinkage
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and selection operator (LASSO) logistic regression. The
specific parameters: family =“binomial’; nfolds=10, and
tenfold cross-validation was used to adjust the optimal
value of the parameter A. The minimum lambda was
defined as the optimal value. In this way, more accurate
prediction models can be obtained by this method.

Support vector machine (SVM) is a powerful binary
classifier which establishes a classification hyperplane
as a decision surface. SVM-RFE (recursive feature elimi-
nation) was used to optimize the prediction model by
reducing the eigenvectors generated by SVM, using
the “1071” R package [37] with the specific parameters:
halfve. above=20 and k=10. And tenfold cross-val-
idation was used to make the algorithm more accurate.
The feature MitoDEGs are obtained by overlapping the
results of the LASSO and SVM-RFE.

Analysis of protein—protein interactions

PPI networks were obtained with the STRING database
and visualized using Cytoscape 3.9.1 [38]. The plug-ins
CytoHubba and MCODE provided by Cytoscape were
used to obtain key MitoDEGs.

Random forests (RF) to screen hub genes

Random forest is an algorithm of recursive partition
based on the construction of binary tree. We screened
the hub genes with the R package “randomForest” [39]
with the following parameters: ntree=500, mtry=3,
importance=T, and the Gini index was used as an
important measure. Random forest algorithm was used
to sort the DEGs according to the decrease in Gini index,
and the top six genes with significant values greater than
3 were selected for downstream analysis.

Immune infiltration analysis

To better identify the characteristics of immune cells in
the brain tissue of normal population and AD patients,
we conducted a single-sample gene-set enrichment
analysis (ssGSEA) algorithm to estimate the differential
composition of infiltration abundance of 28 immune cell
types between the two groups [40] based on gene expres-
sion profiles from microarray. The correlation between
the expression of hub MitoDEGs and the distribution
of immune cells was revealed by spearman correlation
analysis.

Logistic regression model

In order to establish a diagnostic model for AD classifi-
cation, logistic regression algorithm was used, and the
variance inflation factor (VIF) values for multicollinear-
ity check were all less than 5 and shown in Additional
file 1: Table S1. The area under the ROC curve (AUC)
was used to evaluate the accuracy of five hub MitoDEGs
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and logistic regression model. Therefore, we calculated
the AUC values of the five hub MitoDEGs to evaluate
the accuracy of the diagnostic model using the R package
“ROCR” [41]. A nomogram was established to predict
the risk of AD based on the feature genes using the “rms”
R package [42]. The prediction efficacy of the nomogram
was estimated using calibration curves.

Validation of a diagnostic model

The AUC values of five hub MitoDEGs as diagnos-
tic models were calculated on dataset GSE132903,
GSE44770 and GSE33000, respectively, which verified
the effectiveness of the diagnostic model.

Animals

Male WT and APP/PS1 mutant mice aged 10 months old
[43] were obtained from the Chinese Academy of Mili-
tary Sciences (Beijing, China) and had free access to food
and water with a comfortable environment. All protocols
were approved by the Animal Care and Use Commit-
tee of Tianjin Medical University and were performed
according to the National Institutes of Health Guide for
the Care and Use of Laboratory Animals.

PC12 neuron culture and handing

PC12 neuron cells were obtained from infrastructure
cell line resources in China and cultured in high glucose
Dulbecco’s modified Eagle’s medium with 5% fetal bovine
serum, and appropriate amounts of penicillin and strep-
tomycin at 37 ‘C and 5% CO,. We induced PC12 cells
with AB1-42 for 12 h, and the final concentration of AB1-
42 was 7 uM [44].

Immunofluorescence staining of AB1-42 in PC12 cells
PC12 cells were exposed to HiLyte Fluor 488-labeled
AP1-42 [45] (Table 1) for 12 h. Subsequently, the cells
were rinsed twice with PBS and fixed with a 4% para-
formaldehyde solution (PFA) for 20 min. Following
three washes with PBS, the cells were stained with DAPI
(Abcam, UK). Fluorescence images were acquired using
a fluorescence microscope (CarlZeiss, Oberkochen,
Germany).

The plasmid transfection

Optic atrophy 1 (OPA1) plasmids and the control empty
plasmid vector (GenePharma, Shanghai, China) were
transfected into cells using jetPRIME® (Polyplus-trans-
fection S.A, Illkirch, France) according to the manufac-
turer’s instructions. 2.0 ug DNA plasmid was mixed with
200 uL jetPRIME® buffer, and 4 uL jetPRIME® reagent
was added to the above solution, vortex for 1 s, spin
down briefly, and incubated for 15 min at room tempera-
ture. Then, the transfection mix was added to the 6-well
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plates with the serum-containing medium and incubated
in an incubator for 24-48 h for further experiments.

RNA extraction and quantitative real-time polymerase
chain reaction (qRT-PCR)

Total RNA was extractazed from cultured PC12 cells or
the cortex in AD mice using the TransZol Up Plus RNA
Kit (TransGEN, Beijing, China) following the manufac-
turer’s instructions. RNA concentration and quality was
measured by Nanodrop Spectrophotometer (Thermo
Scientific, Waltham, MA, USA).

Reverse transcription and RT-PCR (mRNA) were per-
formed with corresponding primers (Table 2) using the
TransScript® One-Step gDNA Removal and cDNA Syn-
thesis SuperMix (AT311, TransGEN, Beijing, China)
and PerfectStart® Green qPCR SuperMix (AQ601,
TransGEN, Beijing, China), respectively. The relative
value of mRNA transcription was calculated using the
2748CT formula, and U6/GAPDH was used as the inter-
nal control for normalization.

Detection of mitochondrial reactive oxygen species
(mtROS)

To label the mtROS, 1 ml working solution (5 pM) of
MitoSOXTM Red (M36008, Invitrogen, Carlsbad, CA,
USA) was added into PC12 cells cultured in a 6-well plate
and incubated for 10 min at 37 °C in the dark. The cells
were washed three times with PBS. To stain the nuclei,
a 1xworking solution of Hoechst 33342 (C1027, Beyo-
time, China) was prepared by mixing 10 pl of the stain
with 1 ml of DMEM medium. The working solution was
added to the PC12 cells and the cells were incubated in
the incubator at 37 °C for 10 min. Then, the cells were
washed three times with warm PBS. Images were pho-
tographed using a a fluorescence microscope (CarlZeiss,
Oberkochen, Germany).

Detection of mitochondrial membrane potential

Mitochondrial membrane potential (MMP, AYm) was
detected using a JC-1 assay kit (C2003S, Beyotime,
China). After the treatment, cultured PC12 cells were
washed with PBS. 5 pl JC-1 reagent was mixed with
1 ml JC-1 staining buffer and added to PC12 cells cul-
tured in 6-well plates containing 1 ml medium. The cells
were then incubated at 37 °C for 20 min. PC12 cells were
washed with JC-1 buffer for two times, and fresh medium
was added for detection. Images were captured using a
fluorescence microscope (CarlZeiss, Oberkochen, Ger-
many) and analyzed using the Image] software. When the
mtAY is high in cells, JC-1 aggregates in the mitochon-
dria with a red fluorescence. In cells with low mtAY¥, JC-1
is unable to accumulate in mitochondria and remains
in the cytoplasm as a monomer, which shows green
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fluorescence. The value of mtAY are represented by the
ratio of red/green fluorescence intensity.

Immunofluorescence (IF)

The mice were killed by transcardial perfusion of cold
phosphate-buffered saline (PBS) and 4% PFA. Subse-
quently, the brain tissue was removed completely and
fixed with 4% PFA overnight. After gradient dehydration
with sucrose, the brain was embedded within the optimal
cutting temperature (Sakura, Torrance, CA, USA). The
brain samples were cut into slices of appropriate thick-
ness using a— 20 °C frozen slicer for IF staining.

The brain tissue sections were placed at room tempera-
ture for 15 min from the — 20 °C refrigerator, washed with
PBS for 3 times, then treated with 0.3%Triton for 30 min
at room temperature, and then incubated with 3% BSA
for 60 min. They were then incubated with primary anti-
bodies (Table 1) overnight at 4 ‘C. On the second day, the
sections were incubated with secondary antibody for one
hour after washing with PBS, and then DAPI (Abcam,
UK) was used to stain the nucleus. Images were captured
using a fluorescence microscope (CarlZeiss, Oberkochen,
Germany) and analyzed using the Image] software.

GSE132903

GSE122063

<«

Functional Enrichment
. «——
Analysis
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Immunoblotting for protein evaluation

Western blotting for OPA1, caspase3, B-actin was per-
formed, as a previous description [46, 47] (Table 1). The
band gray values were measured with Image] (National
Institutes of health, Bethesda, MD, USA).

Statistical analysis

R software (version 4.2.2) was used for all bioinformat-
ics statistical analysis and visualization. Values in experi-
ment were expressed as mean + standard deviation (SD).
The t-test was selected to measure the data of the two
groups, and one-way ANOVA followed by LSD post hoc
test or Tukey’s post hoc test was used for comparisons of
multiple groups. Shapiro—Wilk test was used to check the
normality of the data. All statistical analyses of experi-
ments were performed by SPSS 26 or GraphPad Prism
9. All experiments were independently repeated at least
three times. Significance was defined as P <0.05.

Results

Identification of DEGs in ND and AD samples

The flow diagram of this study is shown in Fig. 1. PCA
analysis showed the distribution of the AD and ND
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Fig. 1 Flow diagram of the study
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samples (Additional file 2: Fig. S1). The details of the
selected datasets are shown in Table 3. A total of 18,378
genes were screened after pretreatment in GSE122063,
and 2832 DEGs were identified by adj.p.val and Log2FC,
including 1119 upregulated genes and 1713 downregu-
lated genes (Fig. 2a). And 493 DEGs were screened in
GSE132903, including 207 upregulated genes and 286
downregulated genes (Fig. 2b). The top 25 upregu-
lated and top 25 downregulated genes in the datasets of
GSE122063 and GSE132903 are respectively indicated
with heatmaps (Fig. 2¢, d). The results showed that two
groups could be distinguished according to the differen-
tial genes.

Potential functions and pathway of differential expression
genes

The top eight significantly activated gene sets and the
top eight suppressed gene sets were presented as dotplot
from the C5 gene sets of MSigDB. It was found that the
immune response was significantly activated, and neu-
ron to neuron synapse was inhibited (Fig. 2e). Similarly,
the top eight significantly activated gene sets and the top
eight suppressed gene sets in the C2 gene sets of MSigDB
were shown as dotplot. Genes related to brain aging were
significantly activated, and genes relevant to transmission
across chemical synapses were suppressed (Fig. 2f). The
details of the top eight gene sets are shown in Additional
file 3: File S1.

The GSEA results showed that the antigen process-
ing and presentation, apoptosis, b cell receptor signal-
ing pathway, JAK-STAT signaling pathway, p53 signaling
pathway, toll like receptors (TLRs) signaling pathway
were enriched in KEGG terms (Fig. 3a). In addition,
it also showed that the DEGs were mainly involved in
the activation of immune response, IL1R pathway, IL18
signaling pathway, as well as oxidative phosphorylation
(OXPHOS), mitochondrial fatty acid  oxidation, oxida-
tive damage response, mitochondria pathway, mitochon-
drial translation, electron transport chain-oxphos system
in mitochondria (Fig. 3b—e). These results suggested that
inflammatory responses and mitochondrial metabolism
play an important role in AD pathology.

Analysis of protein-protein interactions network

and screening of hub MitoDEGs

Mitochondria-related genes were obtained from the
MitoCarta3.0 database, and these genes were over-
lapped with DEGs screened from the GSE122063 and
GSE132903 datasets, resulting in 115 overlapping Mito-
DEGs (Fig. 4a). The expression levels of 115 MitoDEGs
were shown in Additional file 4: File S2. PPI analysis of
115 MitoDEGs using STRING database and network vis-
ualization with Cytoscape (Fig. 4b). Important modules
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were identified with Cytoscape’s plugin MCODE and a
module consisting of 20 nodes and 53 edges was selected
(Fig. 4c). Meanwhile, top 20 hub genes were identi-
fied from the PPI network using the plugin CytoHubba
(Fig. 4d). A total of 26 genes were obtained after the com-
bination, including 23 genes in GSE122063 and 6 genes in
GSE132903 (Fig. 4e, f).

Screening of key genes and correlation analysis

with immune cells

In order to screen the key genes, we fed the 23 DEGs
obtained from the PPI analysis into the RF classifier. The
top six genes with significant values greater than 3 were
identified as candidates for further analysis (Fig. 5a, b).
MRPL10 was significantly highly expressed in the AD
group, while SPG7, MRPS25, NIT2, OPA1 and DLD were
poorly expressed in the AD group (Fig. 5¢, d), as shown
in the heatmap. In the six MitoDEGs, SPG7, MRPS25,
NIT2, OPA1 and DLD were found to be negatively cor-
related with memory B cell, effector memory CD8 T cell,
activated dendritic cell, natural killer T cell, type 17 T
helper cell, MDSC, Neutrophil, plasmacytoid dendritic
cell. MRPL10 was found to be positively correlated with
these immune cells (Fig. 5e).

To further improve the quality of key MitoDEGs of AD,
we used two different machine learning algorithms to
screen genes. We found 16 feature MitoDEGs using the
LASSO method (Fig. 6a, b), and 19 feature genes were
obtained using the SVM-RFE algorithm (Fig. 6c). The
intersection of genes obtained using two machine learn-
ing algorithms was used to identify nine mitoDEGs for
subsequent studies (Fig. 6d). In order to further explore
the potential relationship between nine MitoDEGs and
immune cells. SLC25A31 and DMGDH were found to
have no associations with immune cell subsets by Spear-
man method (Fig. 6e). Therefore, these two genes were
excluded for the further research. The expression levels of
the seven MitoDEGs (BDH1, TRAP1, SERHL2, TDRKH,
SLC25A32, XPNPEP3, PEX11B) in AD and ND samples
were shown (Fig. 6f). These results suggested that these
seven genes were associated with memory B cell, effec-
tor memory CD8 T cell, activated dendritic cell, natural
killer T cell, type 17 T helper cell, MDSC, Neutrophil,
plasmacytoid dendritic cell.

Immune cell infiltration in AD

Twenty eight immune cell infiltrates were analyzed in
the AD and ND groups, and 24 kinds of immune cell
subsets were found to be different between the AD and
ND groups (Fig. 7a, b). Among them, the proportion
of macrophage, activated CD8 T cell, activated CD4 T
cell, effector memory CD8 T cell, memory B cell, natu-
ral killer cell, natural killer T cell, type 17 T helper cell,



Zhang et al. Journal of Translational Medicine (2023) 21:458 Page 7 of 23

(a) GSE122063 (b) GSE132903

Cutoff for log2FoldChange is 0.58
The number of up gene is 207
The number of down gene is 286

Cutoff for log2FoldChange is 0.58
The number of up gene is 1119
The number of down gene is 1713

15- 15-
.
=10~ O d
{ . '_(;10 .
> sig = sig
o o
._§ e Down ._§ e Down
S ® Not S ® Not
) e Up o e Up
K=} k)
T T
5- 5-
0-
0-
' '
-3 3

(C) e I4 g""l‘: (d)  WANERIND | Al 1 B e o I‘ IN:PD

. H N BT age D e Ao
sex ND I Ml | || VGF 2
m | CCL2 2 |} 1 | | I I NPTX2 age
I n SPP age | L] | STXBP1 B
Fcoep il I | 1 GABRAT o 10
| 1) " stawrs | | |
D163 0 | SERPINI1
1 1 1 MIA | | TSPAN13
SLC1A7 f | | LRB 2 70
- IL1RL1 Ml | | | ‘ NEFM
1 1 AQP1 2 g 1 HGB Sex
" ERPINA3 | DYNC111
EpHBs Il RGS4 female
I
SCARNA22 4 sex | | SS‘F male
|| SE(%}RSS Female | | Clorf173
1 J I MAGEBS Male ! | B
i QRS7ES [ [ R | AR
1 RPA4 | | TUBB2A
1 XLOC_009911 | I EFCBP1
GPR179 ’ | | DIRAS2
SPEN | ENC1
GPR182 i CAP2
e 1
BICC1 | | 10 I | PARM1
I | | N[ \PLNR
o Rres' 1 | | I AEBP1
1 1 ‘ 1 CRH Ll IT | || | GFAP
VGF | | | , | ‘ | 11 SLC7A2
1 1} SgT | i AHNAK
| M | | | SLC6A12
" ERMED2 | MR | ITPKB
] e PPEF1 LR no
1 CTXN3 ik | Atore
I T gao | o
| ERWTs Aot
1 1 1 ALBT | 1l LOC339879
gRYM | | ‘ SFMBT2
L 1 GUCA1B WWOX
1 i Ll ' | i ' BT
| | " SBLNA | I‘ viL2
1 I 1 STAT4 | ! | | 1l PTHIR
1 1 RPH3A I| | Ci5orf52
1 1 PCSK1 | | i ACACB
| TACT w | ITPRIPL2
[ ! ™ ERE° i) | () BrFA
J Illi EARTPT | I nel | ‘ | NFKBIA
I MET I | I SLC5A3
(e) ( f) activated suppressed |
activated suppressed LEIN NEURON MARKERS 1
HP EPILEPTIC ENCEPHALOPATHY C VUP TYROBP CAUSAL NETWORK IN
MICROGLIA o
GOCC SYNAPTIC VESICLE MEMBRANE ) NAKAYAMA SOFT TISSUE TUMORS ®
PCA1 UP Count
GOCC GABA ERGIC SYNAPSE °
LU AGING BRAIN DN o
HP TONIC SEIZURE Y Count ® 30
[ LU AGING BRAIN UP|
GOBP B CELL MEDIATED IMMUNITY [ ® 40 M ' ® 0
o SOSC POSTSYNAPTI ° ® GAURNIER PSMD4 TARGETS ) @ «
SPECIALIZATIO @ 0 LEE TARGETS OF PTCH1 AND ° @ 20
° @« SURSER
GOCC GLUTAMATERGIC SYNAPSE [ ) MCLACHLAN DENTAL CARIES UP [ ] @
oo oo ° padjust VRGBT @ .
REACTOME ACTIVATION OF NMDA p.adjust
GOCC DISTALAXON ® RECEPTORS AND POSTSYNAPTIC [
RS ENATION OF RN E RGP ULT Hhon | @ VENTS
IMMUNOGLOBULIN SUPERFAMILY DOMAINS 1.693333¢-08 LIAN LIPA TARGETS 3M L4
GOBP LYMPHOCYTE MeDIATED IMMuNiTY | @ ICHIBA GRAFT VERSUS HOST 1.217333e-08
GOBP POSITIVE REGULATION OF | @ DISEASE 35D UP
LEUKOCYTE CELL CELL ADHESION REACTOME PROTEIN PROTEIN
aee oo e eweso | @ A e
VASCULATURE DEVELOPMENT R FRRNRIAESON
GOBP ACTIVATION OF IMMUNE REACTOME TRANSMISSION ACROS
RESPONSE CHEMICAL SYNAPSE
0.4 ) 06 REACTOME NEURONAL SYSTEM .
GeneRatio
04 05 06 07 04 05 06 07

GeneRatio
Fig. 2 DEGs and enrichment analysis of AD. a, b Volcano plot of DEGs between AD and ND groups in GSE122063 (a) and GSE132903 (b). ¢, d
Heatmap of top 50 DEGs in GSE122063 (c) and GSE132903 (d). e, f The top 8 gene sets that areactivated or inhibited in the C5 (e) and C2 gene sets
of MSigDB (). AD Alzheimer's disease, ND non-demented, Molecular Signatures Database (MSigDB)



Zhang et al. Journal of Translational Medicine

025

Running Enrichment Score

-0.25

(2023) 21:458

(b)

pvalue p-adjust
. A\\ KEGG_ALZHEIMERS _DISEASE  4.228e-05 9.119e-04
X S J’%SQSS\NGJ\NDJ’RESENTATION 1.452e-06 5.001e-05
TS _KEGG_APOPTOSIS  4.736e-05 9.977e-04
KEGG_B_CELL_RECETRRE.SIGNAWG.LATHWAY  1.084e-04 1.8980-03
KEGG,JAK,STATMPATQWN\ 5.762e-05 1.177e-03
KEGG_P53_SIGNALINGS 7.296e-04 8.378e-03
KEGG_TOLL_LIKE_RECEPTOR_SIGNALING_PATHWAY 2554e-04 3.687e-03

Running Enrichment Score

|

HHH
I

|

)

\H\" I \”H [ \“I

e
H‘H\H

I\ ’HH

\”H Il 1

f

|
ﬂ

i
it

| H\‘/‘ HI

Tl

HI‘H‘ ‘H \’

H’ \Il |
(e
Jiak

I”HIIH

"’h { l

N Il 11
o)
52 £
: L* :
B 3
3 ]
é o ‘i g
5 4
[

-2

-3

5000 10000 15000
Rank in Ordered Dataset
(C) ®0s pvalue  p.adjust

S BIOCARTA_IL1R_PATHWAY ~ 3.164e-03 0.0246235

2 AND _MEGAKARYOCYTES_IN_OBESITY 1.570e-04 0.0025369

go.A _IL18_SIGNALING_PATHWAY  1.071e-05 0.0002875

5

<

Woz

o

£

g

€

5

o oo

Ranked List Metric

Running Enrichment Score

Ranked List Metric

‘WAMMM%HMMIWM”MMWIWMMIIWHWMHNWHHWMH

o 4 n oW

Page 8 of 23

06
‘pvalue | p.adjust
1e-10 1.507e-08
1e-10 1.507e-08
1e-10 1.507e-08
1e-10 1.507e-08

GOBP_ACTIVATION_OF_IMMUNE_RESPONSE
GOBP_ADAPTIVE_IMMUNE_RESPONSE
GOBP_B_CELL_MEDIATED_IMMUNITY

GOMF_IMMUNE_RECEPTOR_ACTIVITY

S

Ih

|

H
\M

il

“

WX

1

IM

WMWM“

—

15000

i

T

\

10000
Rank in Ordered Dataset

—

5000 15000

10000
Rank in Ordered Dataset

~
a
~

pvalue | padjust
6.221e-07 2.471e-05
2.215e-02 1.053e-01
1.735e-03 1.609e-02
9.115e-04 1.015e-02

KEGG_OXIDATIVE_PHOSPHORYLATION
MITOCHONDRIAL_FATTY_ACID_BETA_OXIDATION
WP_OXIDATIVE_DAMAGE_RESPONSE

OXIDATIVE_PHOSPHORYLATION

~—

Running Enrichment Score

I |

TS

I

11 A ‘\H\ Il

M i |

Ranked List Metric

—

15000

5000 10000
Rank in Ordered Dataset

o

3

o

-3

2437e-02 1.115e-01
1.353e-08 8.871e-07
2077e-02 1.014e-01
2913e-08 1.7626-06

BIOCARTA_MITOCHONDRIA_PATHWAY
MOOTHA_MITOCHONDRIA
REACTOME_MITOCHONDRIAL_TRANSLATION
OXPHOS_SYSTEM_IN_MITOCHONDRIA

~

H MHH\MHN \HHWWH

HWMMWWIWWMWWMH%

I

ol
Y

15000

o

HNMWWHWM

(

5000 10000
Rank in Ordered Dataset

Fig. 3 Results of GSEA analysis. a The significant GSEA sets in KEGG pathways. b The significant GSEA sets in immunity. ¢ The significant GSEA sets
in Inflammatory pathway. d The significant GSEA sets in mitochondrial metabolism. e The significant GSEA sets in mitochondria



Zhang et al. Journal of Translational Medicine (2023) 21:458 Page 9 of 23

(a) GSE132903 - A//ﬁ»yG_ﬁSE122063 (b)

<
N
h

N

fﬁbszq;m_.a:l ’4”'
)

-,

0 ) T ’r""’ll
\'\"":':'"(\"‘“’h
XA
}A\( ﬂ‘“ ""

A

102

MitoCarta3.0

(e)

GSE122063
e group 4 group
Il 'R BT R Nage lAD
I T T AN W sex 5 ND
—1." il = '||1'. e age
N BULEL 0T 1] SLC25A31 B o
e T T S . |
“ = i
| | OPA1 -2 60
DNM1L
1) BRI
Ll N IFe'"a'e
PTCD3 Male
| " ' | MRPS25
Iy I SUCLA2
| I CISD1
| II VDAC1
| N VDAC3
| | MDH2
N ] I '\ | IDH3G
I T ‘B . Uacrer
| 'll | SPG7
GSE132903
e group 3 group  Sex
(00 IR 0w o e i ey T age 2 IAD female
(M TATRATN TN TN | I O T sex 1 ND el
[T ”Il | TOMM20
I | | OPA1 0 age
- | [Jl§ [} uacrec2
|“ WI J | VDAC1 -2
‘ | Il | | | MRPS30 -3
70

Fig. 4 MitoDEGs in AD and PPl network. a Venn diagram showed the intersection of DEGs in GSE122063, GSE132903 and mitochondrial genes
in MitoCarta 3.0. b PPI network of MitoDEGs. ¢ A key module with 20 genes as the key gene was screened by MCODE. d Top 20 key genes
featured by CytoHubba. e Heatmap of the expression levels of key MitoDEGs in GSE122063. f Heatmap of the expression levels of key MitoDEGs
in GSE132903. PP/ protein—protein interactions



Zhang et al. Journal of Translational Medicine (2023) 21:458 Page 10 of 23
(a) ERROR & TREES (b) varimpPlot
o
37 MRPS25 °
SPG7 o
§ ] NIT2 o
OPA1 °
§ R MRPL10 °
‘g DLD o
w
& 4 SLC25A31 °
° NDUFAS °
& PTCD3 o
° AFG3L2 °
© OGDHL o
e T T T T T T T T T T T T T T
0 100 200 300 400 500 0 1 2 8 4 5 8 7
trees MeanDecreaseGini
(C) (d) Group B3 AD (<] ND
G group 3 group
W0 L B@) MRPL1O B2 BHAD -« .
{0l SPGT7 1 ND P
| Ll ' MRPS25 0 . 3 g %
| | NIT2 -1 il g “ gy 1E
| OPA1 o : @ X $
I | 168441 |1kl B DLD J ¥ T ot
k]
. h
o A U N N \9
(e) ézgé" & $ & \§<_z" N

DLD
MRPL10
OPA1
NIT2
SPG7
MRPS25

Fig.5 Screening of key genes by random forest and correlation analysis with immune cells. a The correlation plot between the number of RF trees
and model error. b Results obtained by Gini coefficient method in random forest classifier, and significant values greater than 3 were selected as key
MitoDEGs. ¢, d The expression levels of the six key MitoDEGs of AD samples in GSE122063. e The correlation between six key MitoDEGs and immune
cells. RF, random forest

(See figure on next page.)
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Neutrophil, MDSC, plasmacytoid dendritic cell, regu-
latory T cell, activated dendritic cell increased in AD.
And the proportion of effector memory CD4 T cell,
type 2 T helper cell, monocyte, eosinophil decreased.
Additionally, further analysis of the infiltration of
immune cells demonstrated complex correlations
between cells (Fig. 7c), such as effector memory CD8
T cell/natural killer T cell (0.87), activated dendritic
cell/MDSC (0.87), natural killer cell/natural killer T cell
(0.85), plasmacytoid dendritic cell/natural killer cell
(0.86), macrophage/regulatory T cell (0.84), activated
dendritic cell/macrophage (0.83). The positive/negative
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associations between mitoDEGs/hub mitoDEGs and
immune cells were added and shown in Additional files
5: Fig. S2.

Validation of a diagnostic model for hub MitoDEGs

Five hub MitoDEGs (BDH1, TRAP1, OPA1, DLD and
SPG7) were finally screened by finding the biological
functions of the above key genes. The expression levels of
the five MitoDEGs in AD and ND samples were shown
(Fig. 8a, b). The expression levels of hub mitoDEGs were
also verified in GSE132903, GSE44770 and GSE33000,
as shown in in Additional files 6: Fig. S3. The nomogram
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Fig. 8 Nomogram model of AD patients was constructed based on clinical characteristics. a, b The expression levels of the five hub MitoDEGs
in AD and ND samples. ¢ A nomogram model combined with based on sex, age and five hub MitoDEGs was constructed to predict the risk
of AD patients. d The calibration curve of the nomogram tests the predictive performance of the model. e ROC curves analysis of GSE122063

for the diagnostic model including the five hub MitoDEGs
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plots were established to predict the risk of AD pro-
gression by combining these five hub genes and clinical
feature (sex, age). The details of the hub MitoDEGs and
clinical feature are shown in Additional file 7: File S3.
Each gene and the clinical feature correspond to a scor-
ing criterion (Fig. 8c). The calibration curve of the nomo-
gram confirmed the good predictive performance of our
model (Fig. 8d). In addition, the ROC curve analysis was
performed to evaluate the predictive power of nomo-
gram. The overall AUC of this model is 0.974, indicating
that hub MitoDEGs had a high diagnostic value (Fig. 8e).

Finally, three independent datasets were used to verify
the accuracy of the model. AUC values for hub Mito-
DEGs were calculated using the logistic regression
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algorithm. The AUC of 0.796 in GSE132903 dataset,
the AUC of 0.898 in GSE33000 dataset and the AUC of
0.897 in GSE44770 dataset, indicating that the model is
stable for the diagnosis of AD (Fig. 9a—c). In summary,
we developed an AD diagnostic model using the five hub
MitoDEGs.

Expression of hub MitoDEGs in PC12 cells and the brain
tissue of AD mice

To determine whether AB1-42 entered the neurons,
immunofluorescence staining of PC12 cells treated
with AB1-42 for 12 h showed the presence of AB1-42
in the neurons (Fig. 10a). The expression of five hub
MitoDEGs in PC12 neurons was detected by qRT-PCR.
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Fig. 9 ROC curves were used to evaluate the diagnostic efficacy of the five hub MitoDEGs. a GSE132903 datasets. b GSE33000 dataset. ¢ GSE44770

dataset
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Fig. 10 Validation of mRNA expression levels of five hub MitoDEGs in neurons and AD mice. a Immunofluorescence staining of PC12 cells treated
with AR1-42 for 12 h, showing the presence of AR1-42 in the neurons. b Relative mRNA expression of the five hub MitoDEGs was analyzed in PC12
cells treated with AR1-42 for 12 h by gRT-PCR. ¢ Immunofluorescence staining of AR expression in the AD mouse models, indicating the deposition
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Table 1 List of the primary antibodies used in this study

Antibody Catalogue number Brand Application Dilution Species MW (kDa)
OPA1 27733-1-AP Proteintech WB 1:1000 Rabbit 112
Caspase3 9662 CST WB 1:1000 Rabbit 17,19,35
B-actin 4970 CST WB 1:1000 Rabbit 45
B-Amyloid ab201060 Abcom IF 1:100 Rabbit NA

NeuN ab104224 Abcom IF 1:1000 Mouse NA
3-Amyloid (1-42) AS-60479-01 AnaSpec IF 1 pg/mi NA NA

Abcam Abcam, Cambridge, MA, USA, CST Cell Signaling Technology, Danvers, MA, USA, MW molecular weight, NA not applicable, WB western blot, IF

immunofluorescence

Table 2 Primer sequences of MRNA for gRT-PCR

Primer sequence, 5'-3’
Forward

Reverse

Gene (mouse)

BDH1 CCTCTGTCATCAACGCTGTCAC ATCCGAAGCCACCAGTAGTAGTC
TRAP1 GATAGCAGCAGGACTCGTTGATG CAGTGTTTCTCCAGGACCTTGAC
OPAI AGGATGGTGCTCGTGGACTTG CACAGGATGATGGCGTTAGGATTC
SPG7 AACACGGAAGAGGAGCAGACC ATCAGAGCATTGTCCAGAACATCAG
DLD TGCCATCAAATCTGCCCAGTTAG ACGTTCAAGCATGTTCCACCTAG
GAPDH GCCAAGGCTGTGGGCAAGGT TCTCCAGGCGGCACGCAGA

Gene (rat)

OPAI AGGATGGTGCTGGTGGACTTG CACAGGATGATGGCGTTAGGATTC
BDH1 ACCTACACCAGTCAGGCAGATG CCAAAGAGAACCCAAATCCAGAGTC
TRAP1 GCATTGTGACCACCGCTGAG TCGGCTGGCGTAGTCTGATAAG
SPG7 GAAGAAGAGAGGAGGCGGAAGG TCACGATGGCGATGATGAACAAG
DLD GATGGCAGCACTCAGGTTATTGG AAGCTCCCGTAGACGACACTATAG

Table 3 The details of the selected datasets

Location Datasets Platform  Type The number The number Female Male Meanage Mean age
of ND group  of AD group of ND (year) of AD (year)

Frontal and temporal cortex  GSE122063  GPL16699  Microarray 44 56 68 32 78.82 80.88

Middle temporal gyrus GSE132903  GPL10558  Microarray 98 97 96 99  84.98 85.02

Prefrontal cortex, visual GSE44770  GPL4372 Microarray 101 129 86 144 62.12 80.09

cortex and cerebellum

Prefrontal cortex GSE33000  GPL4372 Microarray 157 310 209 258 63.52 80.6

The mRNA expression of BDH1, TRAP1, OPA1, DLD
was significantly decreased in the APf1-42 group com-
pared with the control group, while the expression
of SPG7 was not significantly different between the
two groups (Fig. 10b). Similarly, immunofluorescence
staining of AP protein expression in AD mouse cortex
indicated that AB protein was highly expressed in AD
mice (Fig. 10c). The mRNA levels of BDH1, TRAPI,

OPA1, DLD also decreased significantly in the cortex
of AD mice, and the expression level of SPG7 showed
a downward trend (Fig. 10d). The OPA1 protein levels
also decreased significantly in the cortex of AD mice
(Fig. 10e, f). These results indicated that the expres-
sion levels of five hub MitoDEGs were consistent with
the bioinformatics results.
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OPA1 overexpression alleviates damage of mitochondria
and neuronal apoptosis caused by AB1-42

OPA1 has been identified as a promising gene for
research in adipose tissue [48], ischemic stroke [49],
prion diseases [50] and so on, and its overexpression
has been shown to improve mitochondrial dysfunc-
tion [50]. Therefore, we chose to investigate OPA1 for
validation. We demonstrated that OPA1l protein was
significantly decreased in PC12 cells treated with AB1-
42. Plasmids with overexpression of OPA1 were trans-
fected into neurons, and the transfection efficiency was
obvious (Fig. 1la—c). OPA1l overexpression alleviated
the AB1-42 induced loss of AYm (Fig. 11d, e). Consist-
ently, OPA1 overexpression inhibited AP1-42 induced
mitochondrial ROS generation in PC12 cells (Fig. 11f,
g). The cleaved caspase 3 levels increased significantly
in AB1-42-induced PC12 cells, while cleaved caspase 3
levels decreased significantly after OPA1 overexpression
(Fig. 11h, i). Collectively, these results revealed the criti-
cal role of OPA1 in maintaining mitochondrial stability
and neuronal apoptosis.

Discussion

There are two forms of Alzheimer’s disease: early-onset
(familial) and late-onset (sporadic). Familial AD typically
occurs between the ages of 30 and 50, and accounts for
1-2% of all AD cases. Familial AD is caused by mutations
in the AP precursor protein, presenilin-2and presenilin-1
genes, resulting in overproduction of AP plaques [51, 52].
Late-onset AD involves a variety of factors including life-
style, traumatic brain injury, obesity, hypertension, dia-
betes, depression, and epigenetic factors [53]. Similarly,
APOE4 genotype and age are important risk factors for
AD [1, 54]. It has been pointed out that the presence of
the toxic proteins is thought to activate microglia to
remove excess proteins and dead cells [55]. When micro-
glia cannot maintain their balance, chronic inflammation
occurs in the brain. Therefore, inflammation is largely a
biomarker of AD.

Given the close relationship between the immune
microenvironment status and the occurrence and pro-
gression of AD [5, 10], as well as the alterations of
mitochondrial metabolism and mitoophagy processes
in immune cells [17, 18, 22, 56], it is crucial to identify

(See figure on next page.)

Page 17 of 23

potential targets of mitochondrial genes to guide the
treatment of AD. In our study, we used bioinformat-
ics methods to comprehensively investigate the DEGs
of AD and ND from the GEO database and found that
the immune response and brain aging were enriched in
AD patients. Moreover, neuron to neuron synapse and
the transmission across chemical synapses were inhib-
ited in AD patients. Further analysis revealed that IL-1f,
IL-18 inflammatory pathways, oxidative damage were
activated, and mitochondrial OXPHOS and fatty acid
oxidation were decreased in AD samples.

Peripheral immune disorders and peripheral-central
immune crosstalk have been investigated for their impor-
tant roles in the pathogenesis and progression of AD [8].
Several researchers have demonstrated cytotoxic effects
of CD8" efferent memory CD45RA™ (Tgyra) cells, Thl
and Th17 in CD4 T cells in AD pathology, which is con-
sistent with our study [57, 58]. Natural killer (NK) T cells
have the ability to rapidly induce cell apoptosis through
cytotoxic granules and release of inflammatory factors
such as TNF-a, INF-y. When stimulated, NK cells can
activate other immune cells, triggering an immune cas-
cade reaction. Furthermore, alterations in NK cell subsets
are closely associated with the progression of Alzheimer’s
disease (AD) [11, 59]. Similarly, inhibition of neutrophils
also reduces systemic chronic inflammation and cogni-
tive decline at various stages of AD progression [9, 60].

In this study, we found that compared with the ND
group, the AD group had significant changes in the
proportion of immune cell infiltration, including mac-
rophage, regulatory T cell, activated CD8 T cell, memory
B cell, activated dendritic cell, activated CD4 T cell, natu-
ral killer T cell, type 17 T helper cell, Neutrophil, MDSC.
CD4 T cells play an important role in neurodegenera-
tive diseases, such as Parkinson’s disease (PD) [61], AD
[62], stroke [63], and Lewy body dementia [64]. CD4 T
cells mainly influence the function of mature microglia
to neuronal synapses [65]. Recently, researchers have
found that there are many more T cells, especially cyto-
toxic T cells, in the mice of tauopathy than in the mice
with amyloid deposition or control mice. T cells are most
abundant in areas with the most severe tau pathology and
the highest concentration of microglia. Activated micro-
glia release molecular compounds that activate and draw

Fig. 11 Overexpression of OPA1 attenuated AB1-42 induced mitochondrial dysfunction and neuronal apoptosis in PC12 cells. PC12 cells were
transfected with OPA1 overexpression plasmids or empty vector for 48 h followed by treating with AB1-42 (7 uM/mll) for 12 h. a Quantification

of OPAT mRNA expression. b, ¢ Representative western blot (b) and quantitative data (c) of OPA1 protein in PC12 cells. d Representative images

of JC-1 staining, showing the red fluorescence of JC-1 aggregate and green signal of monomer. Scale bar: 20 um. e Quantification of the ratio

of JC-1 aggregate to JC-1 monomer. f Representative images of MitoSOX staining for mitochondrial ROS. Scale bar: 20 um. g Quantification

of MitoSOX fluorescence intensity. h, i Representative western blot (h) and quantitative data (i) of Cleaved caspase3 protein in PC12 cells. Data are
depicted as the mean +SD from three independent experiments. *p < 0.05, **p <0.01, ***p <0.001. Ctrl control, Empty vector control empty plasmid

vector, OPAT-OF OPA1 overexpression plasmids
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T cells from the blood into the brain, and T cells release
compounds that push the microglia toward a more pro-
inflammatory phenotype. Together, these two types of
immune cells create an inflammatory environment that
is primed for neuronal damage [66]. In AD, AP deposi-
tion and p-tau accumulation induce parenchymal innate
immune activation, affecting the integrity of the blood—
brain barrier (BBB), CSF/ISF flow and lymphatic drain-
age, further leading to the antigen-presenting microglia,
expansion of IFN-reactive, the increase of inflammatory
cytokines and antigen accumulation, as well as paren-
chymal T-cell infiltration, T cell receptor (TCR) clonal
expansion in the brain parenchyma and border areas [4].
In the innate immune response, TLRs recognize molec-
ular patterns associated with microbial pathogens and
damage, promoting NF-kB signaling and the activation
of inflammation [4, 67]. The increase in TLRs signaling
pathway in AD samples was also found in our study.

Subsequently, we discovered the strongly relation-
ship between hub mitoDEGs and immune cells, as well
as immune microenvironment and AD pathology, and
finally identified five hub MitoDEGs (BDH1, TRAPI,
OPA1, DLD, SPG7) through in-depth analysis of three
machine learning algorithms, which was of great sig-
nificance for the search for pathological biomarkers
and promising therapeutic intervention targets for AD.
Although there have been some studies on the immune
microenvironment related to AD [10], and the gene sets
(CXCR4, PPP3R1, HSP90AB1, CXCL10, and S100A12)
that are responsible for immune filtration have been indi-
cated. Inflammatory gene markers activated in immune
cells could induce harmful neuroinflammatory programs
and contributed to neurodegenerative environments [68].
However, we investigated mitochondrial genes associated
with the immune microenvironment. These hub Mito-
DEGs (OPA1) regulated mitochondrial ROS, MMP, and
neuronal apoptosis. In the same way, epigenetic silenc-
ing may also promote neuron survival by eliminating the
potential mediator of neuron death [69]. In short, under
different physiological and pathological conditions,
unique patterns of altered gene expression may reduce or
promote disease progression by affecting immune cells,
epigenetic inheritance, or simultaneously activating mul-
tiple synergistic regulatory mechanisms.

One of the important pathogeneses of AD is the dis-
order of mitochondrial metabolism, which can con-
trol synaptic transmission and information exchange.
Mitochondrial metabolism has an enormous impact on
the fate and function of immune cells. Microglial lipid
metabolism is involved in microglial activation, pheno-
typic transitions and functions, such as phagocytosis,
inflammatory signaling, and migration [70]. In addition,
the interaction of AP and P-tau with dynamin-related
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protein 1 (Drpl) is the key factors in mitochondrial
fragmentation, damage of mitochondria and synapsis,
eventually possibly resulting in neuronal damage and
cognitive deficit [71, 72]. OPA1 is an important intima
fusion protein regulated by two membrane proteases,
OMA1 and YMEIL1L. Studies have pointed out that
inhibition of OPA1 enhances the progression of neuro-
degenerative diseases, and OPA-1 regulates apoptosis
resistance of OXPHOS IL-17-producing CD4 T cells by
regulating mitochondrial fusion and limiting mitophagy
[73]. In conclusion, the OPA1 may part acts on immune
cells to maintain mitochondrial homeostasis in patients
with AD. Overexpression of OPA1l is associated with
adipocyte browning, which is beneficial to improve glu-
cose tolerance and insulin sensitivity [48]. However, in
the AD model, OPA1 may not affect cognitive function
by altering tau’s phosphorylation [74]. Our study dem-
onstrated that up-regulation of OPA1 restored mito-
chondrial membrane potential and reduced neuronal
apoptosis, which was consistent with previous studies
[50], suggesting that OPA1 may alter AD disease pro-
gression by affecting neuronal apoptosis rather than
tau's phosphorylation.p-hydroxybutyrate dehydroge-
nase (BDH1), as a main rate-limiting enzyme of ketone
metabolism, controls the transformation between ace-
toacetic acid (AcAc) and B-hydroxybutyrate (BHB). BHB
acts as an alternative carbon source for maintaining the
redox balance, including the production of amino
acids, OXPHOS, and glutathione. The ability of BHB
to enhance CD4+T cell metabolism and promote T
cell responses depends on BDH1 [75]. In addition, it
was found that BDH1 is significantly down-regulated
in glioblastoma [76] and has an important role in meta-
bolic regulation in the liver [77]. Tumor necrosis factor
receptor-associated protein 1 (TRAP1), a member of
the chaperone family of heat shock protein 90 (HSP90),
is predominantly present in mitochondria. TRAPI is a
regulator factor of oxidative stress-induced cell death,
redox homeostasis and unfolded protein response [78].
Giffard et al. demonstrated that TRAP1 overexpression
reduced ROS production, maintained mitochondrial
membrane potential and increased preservation of ATP
levels in oxygen-glucose deprived neurons and astrocytes
[79, 80]. Moreover, TRAP1 may be a causative gene in
PD, which needs to be further confirmed [81, 82]. There-
fore, it is very meaningful to find this target in AD and
explore it in depth. Spastic paraplegia type 7 (SPG7)
mutations are a common cause of hereditary spastic par-
aplegia, resulting in mitochondrial dysfunction, including
decreased mitochondrial membrane potential, reduced
OXPHOS, decreased ATP, and increased mitochondrial
stress [83]. The lack of paraplegin, a protein encoded by
SPG7, impairs the opening of mitochondrial permeability
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transition pore (mPTP) by increasing the expression and
activity of sirtuin3, thereby increasing the concentration
of Ca’" and reactive oxygen species in the matrix and
destroying mitochondrial homeostasis, leading to the
disorders of synaptic transmission disorders [84]. In the
present study, we found a downward trend in SPG7, but
there was no statistical difference, which may be caused
by different species of samples or the heterogeneity of
samples. Dihydrolipoamide dehydrogenase (DLD), as a
cuproptosis-related gene [85], is associated with steato-
sis and plays an important role in nonalcoholic fatty liver
disease [86]. DLD may serve as a therapeutic target for
energy metabolism in AD [87]. Together, the research of
these genes reinforces the importance of mitochondria in
AD. The results of this study may contribute to a better
understanding of whether the interaction between mito-
chondrial gene signatures and immune cells influences
AD progression.

This study is the first to identify the relationship
between mitochondrial related genes and immune
microenvironment in AD through bioinformatics analy-
sis. BDH1, TRAP1, OPA1l, DLD and SPG7 have been
tested well as potential molecular targets for the diag-
nosis and prediction of AD risk. The expression levels
of the five hub MitoDEGs have also been verified in cell
and animal experiments. Of course, our research also has
some limitations: 1. The brain region of the AD model
we selected for analysis is the frontal and temporal cor-
tex, which has not been verified in multiple other brain
regions; 2. The specific roles of mitochondria-related
genes in immune cells and their involvement in AD
require further high-quality animal experimental verifi-
cation. The possible signaling pathways affected by these
hub genes and their functions in immune cells are our
next research directions.

Conclusions

We identified DEGs between AD and ND by compre-
hensive bioinformatics analysis and further investigated
the mitochondrial genes associated with AD, and eluci-
dated the tight relationship between hub mitoDEGs and
immune cells, as well as immune microenvironment
and AD pathology. Five hub MitoDEGs (BDH1, TRAPI,
OPA1, DLD and SPG7) were screened and validated, and
their mRAN expression levels decreased in AD, although
there was no significant difference in the expression lev-
els of SPG7. Most importantly, BDH1, TRAP1, OPAI,
DLD and SPG7 were negatively correlated with a variety
of immune cells, suggesting that these hub MitoDEGs are
co-regulatory molecules of immunity and metabolism
in AD. We further verified the expression levels of five
hub MitoDEGs through in vivo and in vitro experiments,
and discovered that OPA1 overexpression could reduce
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mitochondrial damage and neuronal apoptosis. Together,
these findings contributed to a better understanding of
the etiology of AD and provided new perspectives for
exploring potential diagnostic markers and treatment
strategies.
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