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Abstract

Estrogen’s impact on Alzheimer’s disease (AD) is multifaceted, with its receptors potentially influencing AD pathology in
both beneficial and detrimental ways. This study aims to dissect the intricate cross-talk between estrogen receptor alpha
(ERa) and microRNAs (miRNAs) in AD-affected human hippocampus. Through a comprehensive literature review in
the PubMed database, coupled with a GeneCards database search, we obtained AD-related key miRNAs and genes in the
hippocampus. Using bioinformatics tools, we predicted target genes and miRNAs of ERa, and the targets of the identified
miRNAs. The integration of these elements resulted in the construction of an ERa-related FFL network, which includes 13
miRNAs and 56 core genes. Gene ontology (GO) and pathway enrichment analyses were conducted, revealing significant
enrichment in biological processes such as neuron death and response to metal ions, and cellular components like membrane
microdomains. Notably, the AKT-associated signaling pathway was prominently highlighted, with key genes including
GSK3A, CDKNI1A, AKT2, and MDM2, and key miRNAs including miR-485 and let-7f, suggesting a potential role of ERa
in modulating this pathway in AD. The findings of this study provide a novel perspective on the regulatory network of ERa
in the hippocampal region of AD and may pave the way for future research into the therapeutic potential of targeting the

ERa pathway in neurodegenerative diseases.
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Introduction

Alzheimer’s disease (AD) is a progressive neurodegenera-
tive disease commonly observed in the elderly population
[1]. AD not only imposes significant psychological and
economic burdens on patients and their families but also
sees a rising societal impact and medical demand as the
global population ages. It is estimated that approximately 50
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million individuals worldwide are currently affected by AD
or related dementias, with this number projected to increase
by about 70% by the middle of this century [2].

Epidemiological studies reveal a distinct sex difference
in the incidence of AD, with a higher prevalence in women
compared to men [3]. This difference is associated with vari-
ous factors, including the role of estrogen [4]. The estrogen
receptors, ERa and ERp, are the two primary receptors for
estrogen, mediating its downstream signal transduction.
Estrogen can influence the pathological processes related
to AD through ERa and ERp. Our previous studies showed
that ERx and ERf inversely regulate the levels of miR-218,
leading to different alterations in the expression of its target
gene, PTPa, thereby exerting distinct regulatory effects on
tau pathology [5].

ERa and ERp are transcription factors and have direct
regulatory effects on a multitude of downstream genes [6].
These genes may include protein-coding genes and non-cod-
ing RNA (ncRNA) genes. It is possible that ERa and ER
are involved in the pathological processes of AD by regu-
lating multiple microRNAs (miRNAs). The interconnected
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feed-forward loops (FFLs) network, composed of transcrip-
tion factors, miRNAs, and downstream target genes, is a
common regulatory pattern in mammals [7]. The construc-
tion and analysis of FFLs serve as a valuable method for
studying numerous biological regulatory processes and have
been widely applied in various biological processes and dis-
eases [8, 9].

To date, the whole FFL network of estrogen receptors
has not been systematically studied or reported. The hip-
pocampus is a significant target of estrogen action and is
severely affected during the process of AD pathology. This
study aims to focus on ERa, to screen and identify its target
genes (including miRNAs and protein-coding genes), and
to construct as well as analyze the FFL network with abnor-
mal fluctuations centered around ERa in the hippocampus of
AD patients. The findings will contribute to elucidating the
complex estrogen regulatory mechanisms, identifying new
markers or targets for the diagnosis and treatment of AD,
and providing useful information for further experimental
exploration.

Methods
Literature Search and Filter Criteria

The complete workflow employed in this study is depicted
in Fig. 1. We conducted a systematic literature search for

Fig. 1 Schematic workflow of
this study
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research on miRNA expression in Alzheimer’s disease
(AD) using the PubMed database (www.ncbi.nlm.nih.gov/
pubmed/). The search terms utilized were “(microRNA OR
miRNA OR miR OR micro-RNA) AND hippocamp* AND
Alzheimer* AND (human OR patient*).” Original stud-
ies on the expression of miRNAs in human brain samples
affected by AD were included in our study. Only articles
published in peer-reviewed journals were considered for
inclusion (last PubMed search date: October 1, 2023),
while conference abstracts and preprint manuscripts were
excluded. Additionally, miRNA studies on monogenic or
familial AD were also excluded.

Identification of Key Genes Associated with AD

The GeneCards database [10] (https://www.genecards.
org/) was utilized to identify key genes in the hippocam-
pal region associated with Alzheimer’s disease (AD)
by searching with the keywords “alzheimer” and “hip-
pocampus.” The specific search terms used were “[all]
(alzheimer) AND [all] (hippocampus)” and “[all] (alzhei-
mer) AND [all] (hippocampal).” The search results were
sorted based on relevance scores, with genes having scores
greater than 10 considered key genes.

Pubmed searching yielded 224 publications, 25 :
of which met the inclusion criteria, from which a :
total of 70 miRNAs were obtained; GeneCards |
searching yielded 1617 genes. :

Atotal of 202 target miRNAs and 1346 target {
genes were identified via bioinformatics |
prediction and publicly available ChIP-Seq }
results. :

By taking the intersection of the above two
groups of miRNAs, 13 common miRNAs were
obtained; a total of 3761 target genes were
obtained via bioinformatics prediction.

Via integrating the obtained miRNAs and
protein-coding genes, whole ERa-related FFLs
containing 12 miRNAs and 56 mRNAs were
constructed.
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Identification of ERa Target Genes

In the present study, “Target genes” refer only to protein-
coding genes; As for target ncRNA like miRNAs, we termed
it as “target miRNAs.” Four databases, Jaspar [11] (https://
jaspar.elixir.no/), hTFtarget [12] (https://guolab.wchscu.
cn/hTFtarget#!/), ENCODE [13] (https://maayanlab.cloud/
Harmonizome/dataset/ ENCODE+Transcription+Factor+
Targets), and TRRUST [14] (https://www.grnpedia.org/
trrust/), were used to identify target genes of ERx. Genes
predicted in at least two of the four databases were consid-
ered eligible target genes.

Identification of ERa Target miRNAs

The Identification of target miRNAs is relatively more
challenging compared to target genes, primarily due to the
uncertain regulatory location of ERa on miRNAs. Some
miRNAs are located within coding regions, while others are
in non-coding regions. It is difficult to determine whether
ERa regulation occurs upstream of the genomic location
where the miRNA is situated or upstream of the gene that
encodes it. Therefore, this study adopted a more stringent
screening approach: three databases were used to identify
potential downstream target miRNAs of ERa, namely Trans-
miR v2.0 [15] (https://www.cuilab.cn/transmir), mirTrans
[16] (http://123.207.219.84/mirtrans/), and hTFtarget [12]
(https://guolab.wchscu.cn/hTFtarget#!/). Only those miR-
NAs predicted in all three databases were considered meet-
ing the criteria for target miRNAs.

Identification of Target Genes of miRNAs

A total of seven tools or databases, RNA22 [17] (https://
cm.jefferson.edu/rna22/), DIANA-microT 2023 [18] (www.
microrna.gr/microt_webserver/), miRanda [19] (http://www.
microrna.org), TargetScanHuman (version: 8.0) [20] (https://
www.targetscan.org/vert_80/), miRmap [21] (http://mirmap.
ezlab.org), PITA [22] (http://genie.weizmann.ac.il/pubs/
mir07), and PicTar [23] (https://pictar.mdc-berlin.de/), were
used to predict target genes of miRNAs. Genes successfully
predicted by at least three of these tools were considered
fulfilling the criteria for target genes.

Protein—-Protein Interaction (PPI) Network
Enrichment Analysis

Genes were uploaded to the STRING database [24] (Ver-
sion: 12; https://string-db.org/) to predict the interactions
among proteins encoded by these genes. The PPI net-
work was subsequently built and visualized by Cytoscape
(version: 3.8.2) [25]. The Molecular Complex Detection
(MCODE) algorithm in the MCODE app of Cytoscape was
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used to identify densely connected network nodes. The iden-
tified highly interconnected regions were termed as the core
cluster. Node Score Cutoff (NSC) and k-core were the most
influential parameters for cluster size in the MCODE algo-
rithm. NSC controls the minimum score required for a node
to be included in a cluster. Smaller NSC values allow for
larger clusters, while higher values create smaller clusters.
For example, an NSC of 0.5 means that new members’ node
scores must be no more than 50% less than that of the seed
node. In the present study, we set the NSC to 0.2 to ensure
that only nodes with strong connectivity within the network
are included in the core cluster. The k-core ensures that
each node within a cluster is connected to at least k other
nodes within the same cluster. The k-core parameter filters
out clusters that do not contain a maximally inter-connected
sub-cluster of at least k degrees. For instance, a k-core value
of 2 means that each node in the cluster must be connected
to at least two other nodes. In this study, we set the k-core to
2 to ensure that the identified clusters are robust and highly
interconnected.

Gene Ontology (GO) Analysis and Pathway
Enrichment Analysis

GO analysis and Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway enrichment analysis were conducted using
R package “clusterProfiler” (Version: 4.2.2) [26-28]. Reac-
tome pathway enrichment analysis was performed using R
package “ReactomePA” (Version: 1.42.0) [29] or “WebGe-
staltR” (0.4.6) [30]. The false discovery rate (FDR) < 0.05
was set as the cut-off criterion. For GO analysis, R pack-
age “rrvgo” (Version: 1.14.2) [31] was used to reduce and
summarize identified GO terms to their parent GO terms by
identifying redundance based on semantic similarity.

Results

Retrieving Differentially Expressed miRNAs
in the Hippocampus of AD Patients

The workflow and entire procedures of this study were
delineated in Fig. 1, beginning with the identification of
differentially expressed miRNAs within the hippocampus
in AD. The systematic literature search was conducted in
the PubMed database using specific search terms, yielding a
total of 224 publications, of which 25 original research arti-
cles that included human brain data from AD patients were
classified as eligible for inclusion. From these 25 original
studies, we extracted a total of 81 differentially expressed
miRNAs (DEmiRNAs) (Table 1). Among these 81 miRNAs,
49 were upregulated and 43 were downregulated in AD-
affected human hippocampus.
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Table 1 Metadata of deregulated miRNA in AD hippocampus extracted from previous studies (current until Oct 1, 2023)
PMID Year Correspond- Diagnosis Sample (ori- Sample size  Tissue miRNA miRBASE ID Changes in
ing author gin country) AD
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam-  hsa-let-7f-5p MIMAT0000067 up
Strooper Ctrl,n=23  pus
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam-  hsa-let-7i-5p MIMATO0000415 up
Strooper Ctl, n=23  pus
23,962,497 2014 Marcel M AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR-107 MIMAT(0000104 up
Verbeek /v Ctrl, n=11 pus
27,298,190 2016 Maria-Ade- AD USA AD, n=6; Hippocam- hsa-miR- MIMATO0000422 up
laide Micci Ctrl, n=4 pus 124-3p
28,965,984 2018 Ling-Qiang AD Canada AD, n=8; Hippocam-  hsa-miR- MIMAT0000422 up
Zhu Cul,n=8 pus 124-3p
17,314,675 2007 WalterJ AD USA, Canada AD, n=S5; Hippocampal hsa-miR- MIMATO0000423  up
Lukiw Ctrl, n=5 CAl 125b-5p
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000423 up
Richards V/VI Ctrl, n= pus 125b-5p
23,462,268 2013 WalterJ AD USA AD, n=3; hippocampus hsa-miR- MIMATO0000423 up
Lukiw Ctrl, n=3 CAl 125b-5p
17,314,675 2007 WalterJ AD USA, Canada AD, n=5; Hippocampal hsa-miR- MIMATO0000424 up
Lukiw Ctrl, n=5 CAl 128-3p
23,962,497 2014 Marcel M AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000424 up
Verbeek v Ctrl, n=11 pus 128-3p
27,298,190 2016 Maria-Ade- AD USA AD, n=6; Hippocam- hsa-miR- MIMATO0000426 up
laide Micci Ctrl, n=4 pus 132-3p
27,298,190 2016 Maria-Ade- AD USA AD, n=6; Hippocam-  hsa-miR-137 MIMAT0000429 up
laide Micci Ctrl, n=4 pus
29,253,717 2017 Lynn M AD USA AD,n=21; hippocampus hsa-miR- MIMATO0000431 up
Bekris Ctrl, n=22 140-5p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0000434 up
Strooper Cul,n=23 pus 142-3p
30,314,521 2018 Bart De AD UK AD,n=28; Hippocam-  hsa-miR- MIMATO0000433  up
Strooper Ctrl, n=20  pus 142-5p
28,871,468 2017 Isidro Ferrer ~AD; Braak Spain AD, n=25; hippocampus hsa-miR- MIMATO0000435 up
I-1v Cul,n=19 CAl 143-3p
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000437 up
Richards V/VI Cul, n=7 pus 145-5p
18,801,740 2008 Jian Guo Cui AD USA, Canada AD,n=23; Hippocam- hsa-miR- MIMATO0000449 up
Ctrl, n=23  pus 146a-5p
20,937,840 2010 WalterJ AD USA AD,n=16; Hippocam-  hsa-miR- MIMATO0000449 up
Lukiw Ctrl,n=16  pus 146a-5p
23,462,268 2013 WalterJ AD USA AD, n=3; hippocampus hsa-miR- MIMATO0000449  up
Lukiw Ctrl, n=3 CAl 146a-5p
23,962,497 2014 Marcel M AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000449  up
Verbeek /v Ctrl, n=11 pus 146a-5p
27,929,395 2016 WalterJ AD USA AD,n=12; hippocampus hsa-miR- MIMATO0000449 up
Lukiw Ctrl, n=6 CAl 146a-5p
30,314,521 2018 Bart De AD UK AD,n=28; Hippocam- hsa-miR- MIMATO0000449  up
Strooper Ctrl,n=20  pus 146a-5p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam-  hsa-miR- MIMATO0000451 up
Strooper Ctrl,n=23  pus 150-5p
23,462,268 2013 WalterJ AD USA AD, n=3; hippocampus hsa-miR- MIMATO0000646 up
Lukiw Ctrl, n=3 CAl 155-5p
30,314,521 2018 Bart De AD UK AD,n=28; Hippocam- hsa-miR- MIMATO0000646 up
Strooper Ctrl,n=20  pus 155-5p
23,962,497 2014 Marcel M AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000069 up
Verbeek v Ctrl,n=11  pus 16-5p
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Table 1 (continued)

PMID Year Correspond- Diagnosis Sample (ori- Sample size  Tissue miRNA miRBASE ID Changes in
ing author gin country) AD
29,253,717 2017 Lynn M AD USA AD,n=21; hippocampus hsa-miR- MIMATO0000259 up
Bekris Ctrl, n=22 182-5p
23,462,268 2013 WalterJ AD USA AD,n=3; hippocampus hsa-miR- MIMATO0000261 up
Lukiw Ctrl, n=3 CAl 183-5p
29,253,717 2017 Lynn M AD USA AD,n=21; hippocampus hsa-miR- MIMATO0000460 up
Bekris Ctrl, n=22 194-5p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0000461 up
Strooper Ctul, n=23  pus 195-5p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0000232 up
Strooper Cul,n=23  pus 199a-3p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam-  hsa-miR- MIMATO0000232 up
Strooper Ctrl,n=23  pus 199a-3p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam-  hsa-miR- MIMATO0000682 up
Strooper Ctrl,n=23  pus 200a-3p
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000271 up
Richards V/VI Ctrl, n=7 pus 214-3p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam-  hsa-miR- MIMATO0000280 up
Strooper Ctrl,n=23  pus 223-3p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam-  hsa-miR- MIMATO0000078 up
Strooper Ctrl,n=23  pus 23a-3p
27,298,190 2016 Maria-Ade- AD USA AD, n=6; Hippocam- hsa-miR- MIMATO0000081 up
laide Micci Ctrl, n=4 pus 25-3p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam-  hsa-miR- MIMATO0000084 up
Strooper Ctrl,n=23  pus 27a-3p
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam-  hsa-miR- MIMATO0000419 up
Richards V/VI Ctrl, n=7 pus 27b-3p
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000690 up
Richards V/VI Ctrl, n=17 pus 296-5p
27,298,190 2016 Maria-Ade- AD USA AD, n=6; Hippocam- hsa-miR- MIMATO0000086 up
laide Micci Ctrl, n=4 pus 29a-3p
30,522,932 2019 Chu Chen AD USA AD,n=15; Hippocam- hsa-miR- MIMATO0000420 up
Ctrl,n=14  pus 30b-5p
31,134,481 2021 Peigang Cao AD China AD, n=S8; Hippocam-  hsa-miR- MIMATO0000753 up
Ctrl, n=5 pus 342-3p
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam-  hsa-miR-346 MIMATO0000773 up
Richards V/VI Ctrl, n=7 pus
22,160,687 2011 Gerry Melino AD; Braak UK AD,n=29; Hippocam- hsa-miR- MIMATO0000255 up
V/VI Cul,n=20 pus 34a-5p
23,462,268 2013 WalterJ AD USA AD, n=3; hippocampus hsa-miR- MIMATO0000255 up
Lukiw Ctrl, n=3 CAl 34a-5p
23,962,497 2014 Marcel M AD; Braak Netherlands AD,n=10; Hippocam-  hsa-miR- MIMATO0000255 up
Verbeek /v Cul,n=11  pus 34a-5p
23,962,497 2014 Marcel M AD; Braak Netherlands AD,n=10; Hippocam-  hsa-miR- MIMATO0000255 up
Verbeek VI Cul,n=11 pus 34a-5p
23,962,497 2014 Marcel M AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000686 up
Verbeek v Ctrl, n=11 pus 34c-5p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0004683 up
Strooper Ctrl,n=23  pus 362-3p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0000707 up
Strooper Cul,n=23  pus 363-3p
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0001339 up
Richards V/VI Ctrl, n=7 pus 422a
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam-  hsa-miR- MIMATO0001340 up
Richards V/VI Ctrl, n=7 pus 423-3p
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Table 1 (continued)
PMID Year Correspond- Diagnosis Sample (ori- Sample size  Tissue miRNA miRBASE ID Changes in
ing author gin country) AD
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0001631 up
Richards V/VI Ctrl, n=7 pus 451a
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0003150 up
Strooper Cul,n=23  pus 455-5p
30,314,521 2018 Bart De AD UK AD,n=28; Hippocam-  hsa-miR- MIMATO0003150 up
Strooper Ctrl,n=20  pus 455-5p
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0002872 up
Richards V/VI Ctrl, n=7 pus 501-5p
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0002876 up
Richards V/IVI Cul,n=17 pus 505-3p
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0002883 up
Richards V/VI Ctrl, n=7 pus 514a-3p
26,856,603 2016 Yun Wang AD China AD, n=7; Hippocam-  hsa-miR-603 MIMAT0003271 up
Ctrl, n=7 pus
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000092 up
Richards V/VI Ctrl, n=7 pus 92a-3p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam-  hsa-miR- MIMATO0003218 up
Strooper Ctrl,n=23  pus 92b-3p
17,314,675 2007 Walter]J AD USA, Canada AD, n=S5; Hippocampal hsa-miR- MIMATO0000441 up
Lukiw Ctl, n=5 CAl 9-5p
27,298,190 2016 Maria-Ade- AD USA AD, n=6; Hippocam- hsa-miR- MIMATO0000441 up
laide Micci Ctrl, n=4 pus 9-5p
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000101 down
Richards V/VI Ctrl, n=7 pus 103a-3p
23,962,497 2014 Marcel M AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR-107 MIMATO0000104 down
Verbeek VI Ctrl,n=11  pus
17,314,675 2007 WalterJ AD USA, Canada AD, n=S5; Hippocampal hsa-miR- MIMATO0000422 down
Lukiw Ctrl, n=5 CAl 124-3p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0000422 down
Strooper Ctrl,n=23  pus 124-3p
28,871,468 2017 Isidro Ferrer AD; Braak Spain AD, n=25; hippocampus hsa-miR- MIMAT0000422 down
m-1v Ctl,n=19 CAl 124-3p
29,253,717 2017 Lynn M AD USA AD,n=21; hippocampus hsa-miR- MIMATO0000445 down
Bekris Ctrl, n=22 126-3p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0000446 down
Strooper Ctrl,n=23  pus 127-3p
23,962,497 2014 Marcel M AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMAT0000424 down
Verbeek VI Cul,n=11 pus 128-3p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam-  hsa-miR- MIMATO0000424 down
Strooper Ctrl,n=23  pus 128-3p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0004605 down
Strooper Ctul, n=23  pus 129-2-3p
24,014,289 2013 Bart De AD UK AD, n=41; Hippocam- hsa-miR- MIMATO0000242 down
Strooper Cul,n=23  pus 129-5p
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000426 down
Richards V/VI Ctrl, n=7 pus 132-3p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0000426 down
Strooper Ctrl,n=23  pus 132-3p
26,362,250 2015 Sébastien S AD Canada AD,n=10; Hippocam- hsa-miR- MIMATO0000426 down
Hébert Cul,n=13  pus 132-3p
28,871,468 2017 Isidro Ferrer AD; Braak Spain AD, n=25;  hippocampus hsa-miR- MIMATO0000426 down
I-1v Ctrl,n=19  CAl 132-3p
29,855,513 2018 D Gurwitz AD UK AD,n=14; hippocampus hsa-miR- MIMAT0000426 down
Ctrl, n=20 132-3p
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Table 1 (continued)

PMID Year Correspond- Diagnosis Sample (ori- Sample size  Tissue miRNA miRBASE ID Changes in
ing author gin country) AD
34,033,742 2021 Evgenia Salta AD Belgium, AD,n=10; Hippocam- hsa-miR- MIMATO0000426 down
Sweden Cul,n=10  pus 132-3p
29,523,845 2018 AnnaMaria  AD; Braak USA, UK AD, n=6; hippocampus hsa-miR- MIMATO0004594 down
D’Erchia V-VI Ctrl, n=6 132-5p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam-  hsa-miR- MIMATO0000448 down
Strooper Ctrl, n=23 pus 136-5p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0000430 down
Strooper Ctul, n=23  pus 138-5p
35,887,339 2022 Tae Ho Lee AD China AD, n=6; Hippocam- hsa-miR- MIMATO0000435 down
Cul, n=>5 pus 143-3p
23,962,497 2014 Marcel M AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000449 down
Verbeek VI Ctrl, n=11 pus 146a-5p
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0002809 down
Richards V/VI Ctl, n=7 pus 146b-5p
23,962,497 2014 Marcel M AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000069 down
Verbeek VI Cul,n=11 pus 16-5p
29,523,845 2018 AnnaMaria AD; Braak USA, UK AD, n=6; hippocampus hsa-miR-184 MIMATO0000454 down
D’Erchia V-VI Ctrl, n=6
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMAT0000267 down
Richards V/VI Ctrl, n=7 pus 210-3p
29,855,513 2018 D Gurwitz AD UK AD, n=14; hippocampus hsa-miR-212 MIMATO0000269 down
Ctrl, n=20
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMAT0000269 down
Richards V/VI Ctrl, n=7 pus 212-3p
23,408,966 2013 Yan Zhang AD USA AD, n=8; Hippocam- hsa-miR- MIMAT0000271 down
Ctrl, n=8 pus 214-3p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam-  hsa-miR- MIMATO0004675 down
Strooper Ctrl,n=23  pus 219a-2-3p
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000276 down
Richards V/VI Ctrl, n=7 pus 219a-5p
28,871,468 2017 Isidro Ferrer ~ADj; Braak Spain AD, n=25;  hippocampus hsa-miR- MIMATO0000084 down
II-1vV Cul,n=19 CAl 27a-3p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam-  hsa-miR- MIMATO0001629 down
Strooper Ctrl,n=23  pus 329-3p
30,576,233 2019 Guo-Ping AD USA AD,n=12; Hippocam- hsa-miR- MIMATO0004701 down
Peng Ctrl,n=11  pus 338-5p
29,523,845 2018 AnnaMaria  AD; Braak USA, UK AD, n=6; hippocampus hsa-miR- MIMATO0004677 down
D’Erchia V-VI Ctrl, n=6 34c¢c-3p
23,962,497 2014 Marcel M AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000686 down
Verbeek VI Ctrl, n=11 pus 34c-5p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0000722 down
Strooper Ctrl,n=23  pus 370-3p
29,523,845 2018 AnnaMaria  AD; Braak USA, UK AD, n=6; hippocampus hsa-miR- MIMATO0000728 down
D’Erchia V-VI Ctrl, n=6 375-3p
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000737 down
Richards V/VI Ctrl, n=7 pus 382-5p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0001638 down
Strooper Ctul, n=23  pus 409-5p
24,014,289 2013 Bart De AD UK AD, n=41; Hippocam- hsa-miR- MIMATO0002171 down
Strooper Cul,n=23  pus 410-3p
18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0003393 down
Richards V/VI Ctrl, n=7 pus 425-5p
24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0003393 down
Strooper Ctrl,n=23  pus 425-5p
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Table 1 (continued)

PMID Year Correspond- Diagnosis Sample (ori- Sample size  Tissue miRNA miRBASE ID Changes in

ing author gin country) AD

24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0001627 down
Strooper Ctrl,n=23  pus 433-3p

20,507,594 2010 Claes Wahl- AD USA AD, n=35; Hippocam- hsa-miR- MIMATO0002175 down
estedt Cul,n=35 pus 485-5p

24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0002178 down
Strooper Ctrl,n=23  pus 487a-3p

24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0003180 down
Strooper Ctul, n=23  pus 487b-3p

24,014,289 2013 Bart De AD UK AD,n=41; Hippocam- hsa-miR- MIMATO0002817 down
Strooper Cul,n=23  pus 495-3p

24,014,289 2013 Bart De AD UK AD,n=41; Hippocam-  hsa-miR-543 MIMATO0004954 down
Strooper Ctrl,n=23  pus

24,014,289 2013 Bart De AD UK AD, n=41; Hippocam- hsa-miR- MIMATO0003886 down
Strooper Cul,n=23  pus 769-5p

23,962,497 2014 Marcel M AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000442 down
Verbeek /v Cul,n=11 pus 9-3p

23,962,497 2014 Marcel M AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000442 down
Verbeek VI Ctrl, n=11 pus 9-3p

18,525,125 2008 Cynthia A AD; Braak Netherlands AD,n=10; Hippocam- hsa-miR- MIMATO0000441 down
Richards V/VI Cul, n=7 pus 9-5p

However, discordant expression patterns were observed
for 11 miRNAs, which showed inconsistent results across
different studies—upregulated in one and downregulated
in another. This discrepancy does not necessarily indicate
flawed research findings but may be associated with differ-
ences in the specific hippocampal subregions examined in
the original studies or differences in the Braak stage of the
AD patients. To maintain consistency, and in the absence
of relevant details, these 11 miRNAs were still excluded
from subsequent calculations in this study despite the strong
likelihood that they too were DEmiRNAs and play signifi-
cant roles in AD. The excluded miRNAs were as follows:
hsa-miR-107, hsa-miR-124-3p, hsa-miR-128-3p, hsa-miR-
132-3p, hsa-miR-143-3p, hsa-miR-146a-5p, hsa-miR-16-5p,
hsa-miR-214-3p, hsa-miR-27a-3p, hsa-miR-34c¢-5p, and hsa-
miR-9-5p. Finally, 38 upregulated and 32 downregulated
miRNAs were obtained.

Prediction of ERa Target miRNAs

In this study, we employed a trio of databases—TransmiR,
mirTrans, and hTFtarget—to collaboratively predict the
downstream miRNAs of ERa. From these databases, we
obtained 411 miRNAs (Supplementary Table 1), 1020 miR-
NAs (Supplementary Table 2), and 1882 miRNAs (Supple-
mentary Table 3), respectively. After converting the miRNA
gene symbols from these results to their official names in the
miRBase database, we intersected them with the 70 miR-
NAs obtained above and obtained 13 common miRNAs,

with 5 being upregulated and 8 being downregulated in AD
(Fig. 2A and Table 2).

Prediction of Target Genes for the 13 Common
miRNAs

To enhance the accuracy of results, we employed a total
of seven bioinformatic tools or databases to identify the
downstream targets for the 13 common miRNAs: microT,
miRanda, TargetScan, PITA, RNA22, miRmap, and PicTar.
We set a relatively stringent criterion for target gene selec-
tion, requiring that a gene be successfully predicted in at
least three of the seven databases to be considered a valid
target. Finally, 3761 genes were acquired (Fig. 2B and Sup-
plementary Table 4). Subsequent analysis of the prediction
results revealed that among these 13 miRNAs, the top five
in terms of the number of downstream targets are as fol-
lows: hsa-miR-410-3p (1133 target genes), hsa-let-7f-5p
(781 target genes), hsa-miR-25-3p (715 target genes), hsa-
miR-485-5p (618 target genes), and hsa-miR-194-5p (555
target genes).

Prediction of ERa Target Genes

The prediction of target genes (protein-coding genes)
downstream of transcription factors is considerably more
advanced and accurate compared to the prediction of target
miRNAs. We utilized four databases to predict the down-
stream target genes of ERa. These databases include Jaspar,
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Fig. 2 Identification of common A
miRNAs and genes in AD-
affected hippocampus. A Venn
diagram showing the intersec-
tion of miRNAs obtained from
AD-related studies with those
predicted as targets of ERa
from the databases TransmiR,
mirTrans, and hTFtarget. B
Venn diagram of the identified
target genes for the 13 common
miRNAs, ERa target genes and
AD-related genes. C PPI net- 79
work analysis revealing a core

cluster of 10 genes with robust

interactions
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hTFtarget, ENCODE, and TRRUST. Only genes that were
successfully predicted in at least two of these databases were
considered targets of ERa. This approach resulted in a final
set of 1346 genes (Fig. 2B and Supplementary Table 5).

Retrieval and Selection of Genes Highly Associated
with AD in the Hippocampus

Initially, we attempted to identify differentially expressed
genes (DEGs) in the hippocampal region of AD using pub-
licly available datasets from microarray and high throughput
sequencing. However, results obtained from the analysis of
these datasets exhibited considerable inconsistency, making
it challenging to integrate DEGs across different datasets.
Moreover, attempting to forcibly remove batch effects when
combining multiple datasets from different experimental
platforms, while yielding some DEGs, resulted in a dramati-
cally reduced number of them (data not shown).
Consequently, we discarded this method of gene screen-
ing/identification and instead opted to utilize the GeneCards
database for the search and selection of genes related to AD
in the hippocampal region. Employing a defined search strat-
egy and selection criteria, we identified a total of 1617 genes
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(Fig. 2B and Supplementary Table 6). This approach pro-
vided a more reasonable and extensive list of genes that are
potentially implicated in AD pathology in the hippocampus.

Identification of Common Genes and PPl Network
Analysis

By integrating the above target prediction results, we identi-
fied 56 common genes (Fig. 2B and Supplementary Table 7).
These 56 genes are not only important genes related to AD
pathology in the hippocampal region but are also targets
of ERa and the 13 identified common miRNAs. To further
understand the biological significance of the 56 core genes,
we performed GO and pathway enrichment analysis (KEGG
pathway and Reactome pathway). The GO analysis revealed
several enriched terms. Specifically, in the BP aspect, the
top three enriched GO terms were “response to metal ion,”
“neuron death,” and “neuron apoptotic process”; In the CC
aspect, the top three enriched GO terms were “membrane
raft,” “membrane microdomain,” and “platelet alpha granule
lumen”; In the MF aspect, the top three enriched GO terms
were “histone deacetylase binding,” “histone acetyltrans-
ferase binding,” and “structural constituent of cytoskeleton”
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Table 2 Thirteen predicted miRNAs regulated by ESR1 (ERa). The
“Z-score” (TransmiR) is defined as the number of standard deviations
above the mean raw score of the other regions within the miRNA pro-

moter; The “Affinity score” (mirTrans) describes the binding strength
of the TF to the transcription factor binding sites (TFBS)

miRNA symbol ~miRBASE ID TransmiR mirTrans hTFtarget (Chip-seq) Changes in AD
Z-score  Affinity score No. of TSS peaks (total/average; the peak with strongest
signal; tissue)

hsa-let-7f-5p MIMATO0000067 2.18 0.73 21/1; Chr9,94,165,515,94,167,230,44.0,—108,pr,data Up
set-4693; breast

hsa-miR-194-5p MIMATO0000460 1.9 0.999 117/2; Chr11,64,893,790,64,895,154,349.,—371,pr,data Up
set-4001; breast

hsa-miR-25-3p  MIMATO0000081 2.59 0.703 58/1; Chr7,100,100,365,100,100,889,112.,—724,pr,data Up
set-4178; breast

hsa-miR-342-3p MIMATO0000753 2.26 0.984 135/1; Chr14,100,108,100,100,108,934,316.,—155,pr,data Up
set-4001; breast

hsa-miR-455-5p MIMATO0003150 2.11 0.697 65/1; Chr9,114,206,966,114,207,496,62.1,—245,pr,data Up
set-3931; breast

hsa-miR-210-3p MIMAT0000267 1.87 1 103/1; Chr11,569,241,569,958,88.0,—176,pr,dataset-1114; Down
breast

hsa-miR-382-5p MIMATO0000737 2.09 0.751 28/2; Chr14,101,063,988,101,064,461,91.7,—100,pr,data Down
set-4001; breast

hsa-miR-409-5p MIMATO0001638 2.09 0.751 32/1; Chr14,101,063,988,101,064,461,91.7,—130,pr,data Down
set-4001; breast

hsa-miR-410-3p MIMAT0002171 2.09 0.751 35/1; Chr14,101,063,988,101,064,461,91.7,—190,pr,data Down
set-4001; breast

hsa-miR-425-5p MIMATO0003393 2.77 0.994 103/2; Chr3,49,021,681,49,022,497,353.,—226,pr,data Down
set-4001; breast

hsa-miR-485-5p MIMATO0002175 2.09 0.751 31/2; Chr14,101,053,762,101,054,048,9.50,— 164,pr,data Down
set-4681; BREAST

hsa-miR-487a-3p MIMAT0002178 2.09 0.751 29/2; Chr14,101,049,961,101,050,146,9.02,—246,pr,data Down
set-5292; breast

hsa-miR-487b-3p MIMAT0003180 2.09 0.751 26/2; Chr14,101,039,443,101,039,714,14.9,—699,pr,data Down

set-4693; breast

(Supplementary Table 8). The KEGG pathway enrichment
analysis showed that the 56 core genes were significantly
enriched in pathways such as “Bladder cancer,” “Thyroid
cancer,” and “Melanoma”; For the Reactome pathway, the
top three enriched were “AKT phosphorylates targets in
the cytosol,” “Apoptotic cleavage of cellular proteins,” and
“Apoptotic execution phase” (Supplementary Table 8). Next,
we conducted PPI network analysis for the 56 genes. Results
have revealed that the proteins encoded by these genes
interact to a certain extent (142 edges/pairs in total), with
the most robust interactions observed within a core clus-
ter of 10 genes (40 edges/pairs): CDH1, MDM?2, CCNDI,
AKT2, ZEB1, DNMTI, SP1, PGR, CDKNI1A, and TP53
(Fig. 2C). Reactome pathway analysis showed the 10 genes
were mainly enriched in 10 Reactome items, such as “AKT
phosphorylates targets in the cytosol,” “Transcriptional reg-
ulation by RUNX3,” “Regulation of TP53 Expression and
Degradation,” and so on (Supplementary Table 8). Of the
13 identified common miRNAs, seven miRNAs seven miR-
NAs can target these 10 genes: hsa-miR-485-5p, hsa-miR-
410-3p, hsa-miR-342-3p, hsa-let-7f-5p, hsa-miR-487a-3p,

hsa-miR-194-5p, and hsa-miR-382-5p. Four of these seven
miRNAs rank in the top five for the number of miRNA-
target genes (hsa-miR-410-3p, hsa-miR-485-5p, hsa-miR-
194-5p, hsa-let-7f-5p, and hsa-miR-342-3p).

GO and Pathway Enrichment Analysis of Common
Genes

We conducted GO analysis and pathway enrichment analysis
for the 56 common genes using the “clusterProfiler” package
in R. The GO analysis encompassed three main domains:
cellular component (CC), molecular function (MF), and bio-
logical process (BP); The pathway enrichment analysis used
here incorporated enrichment results from both the KEGG
and Reactome databases. The GO analysis results for these
56 genes revealed that the top five significantly enriched
pathways at the BP level are “response to metal ion,” “neu-
ron death,” “neuron apoptotic process,” “regulation of neu-
ron death,” and “response to hypoxia”; At the CC level,
the top five items are “membrane raft,” “membrane micro-
domain,” “platelet alpha granule lumen,” “transcription
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repressor complex,” and “platelet alpha granule”; At the
MF level, only three significantly enriched items were
obtained, which are “histone deacetylase binding,” “histone
acetyltransferase binding,” and “structural constituent of
cytoskeleton” (Fig. 3A). The pathway enrichment analysis
of the 56 genes yielded a total of 48 KEGG pathways and 43
Reactome pathways (Fig. 3B). The top five KEGG pathways
are all associated with cancer: “Bladder cancer,” “Thyroid
cancer,” “Melanoma,” “p53 signaling pathway,” and “Pro-
teoglycans in cancer.” The top five Reactome pathways are
“AKT phosphorylates targets in the cytosol,” “Apoptotic
cleavage of cellular proteins,” “Apoptotic execution phase,”
“Constitutive Signaling by AKT1 E17K in Cancer,” and
“Apoptosis.” Detailed results for GO analysis and pathway
enrichment analysis are shown in Supplementary Table 8.
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Fig.3 Gene ontology and pathway enrichment analysis for the 56
common genes. A Gene ontology (GO) analysis results of the 56
common genes, categorized under cellular component (CC), molecu-
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Construction of the ERa-miRNA-mRNA Network

In the preceding analyses, a total of 13 target miRNAs
and 56 target genes (target mRNAs) of ERa were identi-
fied using various bioinformatics approaches. Herein, we
endeavored to construct FFL networks centered around
ERa, leveraging the interrelationships among these ele-
ments (Fig. 4A). To enhance clarity in the whole FFL
network’s hierarchy, we omitted the interactions between
target genes within the network. The 13 miRNAs were
ordered according to the number of target mRNAs they
possess, as follows: hsa-miR-410-3p (20 mRNAs), hsa-
miR-485-5p (16 mRNAs), hsa-miR-194-5p (13 mRNAs),
hsa-let-7f-5p (10 mRNAs), hsa-miR-342-3p (7 mRNAs),
hsa-miR-25-3p (6 mRNAs), hsa-miR-425-5p (6 mRNAs),
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Fig.4 ERo-miRNA-mRNA
feed-forward loop (FFL)
network construction. A
Overview of the constructed
ERa-miRNA-mRNA FFL net-
work, highlighting the interplay
among 13 miRNAs and 56
target genes. B-D Subnetworks
for the top four miRNAs (hsa-
miR-410-3p, hsa-miR-485-5p,
hsa-miR-194-5p, hsa-let-

7£-5p) based on the number of
target mRNAS, with significant
Reactome pathway enrichment
observed for the subnetworks
associated with miR-485-5p and
let-7f-5p
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hsa-miR-455-5p (6 mRNAs), hsa-miR-382-5p (5 mRNAs),
hsa-miR-487a-3p (4 mRNAs), hsa-miR-409-5p (only
1 target mRNA), and hsa-miR-487b-3p (only 1 target
mRNA). For visualization purposes, subnetworks of the
first four miRNAs were extracted from the FFL network
and displayed beneath the main network (Fig. 4B-D).
Individual Reactome pathway enrichment analyses were
conducted for each of the 13 subnetworks, revealing sig-
nificant enrichment results for only two subnetworks: ERa/

hsa-miR-485-5p and ERa/hsa-let-7f-5p. Interestingly,
the genes within these two subnetworks were predomi-
nantly enriched in pathways related to AKT and RUNX3
(Fig. 4C, E and Supplementary Table 8). Upon further
comparison, we found that these two subnetworks sig-
nificantly overlapped with the PPI core cluster network,
each containing five genes from the PPI core cluster, rep-
resenting a 50% overlap of the genes within the PPI core
cluster (Supplementary Table 8). This suggests that the
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ERa/hsa-miR-485-5p and ERa/hsa-let-7f-5p subnetworks
may play a crucial role in the overall regulatory network
of ERa.

Discussion

This study focused on the aberrant regulation of ERa-
miRNAs in the hippocampal region of AD and attempted to
analyze the FFL networks of ERa. Firstly, we identified 70
abnormally expressed miRNAs and 1,617 important genes
in the AD hippocampus through PubMed searching and the
GeneCards database. Subsequently, we utilized multiple
bioinformatics tools to predict target miRNAs and protein-
coding genes downstream of ERa. Finally, we successfully
constructed a whole ERa-miRNA-mRNA FFL network that
includes 13 miRNAs and 56 genes.

The downstream regulatory network of ERa is highly
complex, and its expression changes within the AD brain
are also intricate, potentially exhibiting region- and cell-
type-specificity [32]. Studies have found that compared to
healthy brains matched for gender and age, ERa expres-
sion is increased in the hypothalamic infundibular nucleus
(INF), medial mamillary nucleus (MMN), nucleus basalis
of Meynert (NBM), and vertical limb of the diagonal band
of Broca (VDB) of AD patients [33—-36], while decreased
in neurons of the hippocampus [37]. Another study found
that the percentage of ERa-immunoreactive astrocytes in the
hippocampus of AD patients is significantly higher than the
control group [38], suggesting ER« regulation of astrocytes,
which our results also corroborate to some extent. Our find-
ings indicate an association between ERa and the astrocyte-
specific marker GFAP in the final network (Fig. 4C).

There have been inconsistent reports regarding the impact
of ERa on AD pathology, such as its effects on tau phos-
phorylation—some studies show that overexpression of
ERa increases tau phosphorylation, while others report a
decrease [5, 39, 40]. These inconsistencies further highlight
the complexity of the ERa regulatory network. Moreover,
at the transcription level, ERa can either enhance or inhibit
the transcription of its target genes, influenced by vari-
ous factors and involving numerous estrogen coregulators
[41]. Considering these factors, the present study did not
solely discard upregulated or downregulated miRNAs when
searching for differentially expressed miRNAs in AD but
included all of them in subsequent network construction. It
has been shown that a large number of miRNAs are regu-
lated by estrogen and its receptors in many tissues and cell
types, such as uterine smooth muscle cells, human breast
cancer cells, and mammary gland [42]. Our previous studies
found that overexpression of ERa increases the expression of
miR-218, thereby promoting AD pathology [5]. In SH-SY5Y
cells, treatment with estradiol upregulates the expression
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of miR-106b-5p, which in turn protects these cells against
AB,,-induced toxicity [43]. ERa is widely expressed in the
hippocampus, which is one of the key regions affected by
AD [44, 45]. The hippocampus region is also enriched with
numerous miRNAs, some of which have been found to be
dysregulated in AD [46]. Therefore, in the hippocampus,
ERa may potentially regulate multiple miRNAs, thereby
affecting downstream target genes and being involved in
AD pathogenesis.

In the final network constructed, genes in the subnetwork
of miR-485 and let-7f were both significantly enriched in
pathways related to AKT, RUNX3, and TP53, as well as
apoptosis-related signaling pathways. Actually, seven out of
the 56 key genes are associated with the AKT pathway, and
almost all of these seven genes were concentrated in the sub-
network of miR-485 and let-7f. The seven genes were AKT2,
CCNDI, CDKNI1A, GSK3A, MDM?2, THBS1, TP53, and
VEGFA. AKT-associated pathways that the seven genes
were enriched in were: KEGG item hsa04151 (PI3K-Akt
signaling pathway); Reactome item R-HSA-198323 (AKT
phosphorylates targets in the cytosol); Reactome item
R-HSA-5674400 (Constitutive Signaling by AKT1 E17K
in Cancer) and Reactome item R-HSA-2219528 (PI3K/AKT
Signaling in Cancer) (Supplementary Table 8). Given that
AKT signaling pathways are significantly dysregulated in
AD [47], ERa may influence these molecules, thereby dis-
rupting the AKT signaling pathway and participating in AD
pathologies. This aligns with recent work by Chowdhury
et al. [48], which underscores the role of estrogen dysregula-
tion in exacerbating AD pathology through the modulation
of shared metabolic pathways and key genes, such as PI3K,
AKT, MAPK1, and KRAS.

The expression differences of ERa between males and
females is also an important factor here [49, 50], which may
also partially contribute to the morbidity of AD. Studies
have shown that the expression and function of brain ERa
can differ between males and females, with higher expres-
sion levels observed in females [49, 50]. Additionally, during
menopause, there is a significant decline in estrogen levels,
which may affect the expression of ERa [44, 51]. Conse-
quently, the regulation of miRNAs and downstream target
genes by ERa is not static; it can change at specific times,
particularly during hormonal fluctuations associated with
menopause, and these changes could potentially be involved
in the pathogenesis of AD.

The present study has several limitations, the primary one
being the lack of in vitro and in vivo validations. Our results
and findings are based on computational methods and exist-
ing online databases. Although these methods and databases
are robust, they do not provide the same level of empirical
evidence as biological experiments. Additionally, there is
the possibility of false positives and false negatives in bio-
informatics predictions. Despite using multiple databases
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and tools to predict target genes and miRNAs, the accuracy
of these predictions may vary. Some predicted interactions
may not be biologically relevant, and some true interactions
may be missed. Furthermore, our study focuses solely on the
hippocampus, which is a key area affected by AD. However,
the brain is a complex organ, and the ERa-miRNA cross-talk
may differ in other regions.

In conclusion, this study investigates the abnormal ERa-
miRNA cross-talk in AD, revealing the complexity of the
estrogen receptor regulatory network. More in vivo and
in vitro experiments are needed to validate the findings, and
a broader range of brain regions should be considered to
gain a more comprehensive understanding of the abnormal
ERa-miRNA cross-talk in AD.
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