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Abstract

Alzheimer’s disease (AD), diabetic encephalopathy (DE), and brain aging converge on cognitive decline
with overlapping synaptic damage, impaired neuronal plasticity, and hippocampal circuit dysfunction.
However, whether these pathological states share a unified neuronal transcriptional architecture remains
largely unexplored at single-cell resolution. Integrating single-cell transcriptomic datasets related to AD,
DE, and brain aging from the GEO database with high-dimensional weighted gene co-expression network
analysis, we identified a conserved neuronal module and hub genes shared across the pathological
conditions, pinpointing BAIAP2/IRSp53 as the sole shared neuronal core gene. In vivo, mouse models of
all three cognitive disorders exhibited significant spatial memory deficits and consistent downregulation
of hippocampal BAIAP2 at both the mRNA and protein levels; immunofluorescence further confirmed a
widespread reduction of BAIAP2 in the hippocampal CA1, CA3, and dentate gyrus regions. In vitro,
amyloid-B, metabolic stress, and senescence-inducing stimuli each recapitulated BAIAP2 suppression in
SH-SY5Y neurons. Collectively, we establish BAIAP2 as a critical synaptic scaffolding hub whose
disruption represents a unified neuronal substrate linking neurodegeneration, metabolic brain injury, and
brain aging. These findings identify BAIAP2 as a potential target for AD-spectrum therapeutic strategies
against cognitive decline.

1. Introduction

With the accelerating global population aging, cognitive impairment has emerged as a major public
health challenge threatening the health and quality of life of older adults[1, 2]. In 2015, there were
approximately 47 million dementia patients worldwide, a number projected to rise to around 132 million
by 2050[3, 4]. Cognitive disorders span a broad spectrum, including Alzheimer’s disease (AD), vascular
dementia, frontotemporal dementia, diabetic encephalopathy (DE), and age-associated cognitive
decline[5]. Among these, AD, DE, and age-associated cognitive decline (brain aging) are representative.
Despite their distinct primary etiologies, all three conditions ultimately perturb the same neuronal
functional compartments—synaptic transmission, plasticity, and circuit integrity—raising the possibility
that they may converge on shared molecular regulatory networks[6-8].

Current efforts to identify common mechanisms across AD, DE, and aging-related cognitive impairment
have largely focused on individual pathways such as insulin signaling, oxidative stress, or
neuroinflammation[9-11]. While informative, these pathway-centric approaches have yielded
fragmented insights and have not systematically interrogated whether a unified transcriptional program
operates within neurons themselves—the primary units of cognitive function. Moreover, conventional
bulk-tissue analyses cannot distinguish whether transcriptional changes originate from neurons or from
glial or vascular cells, nor can they resolve the cellular heterogeneity that may obscure neuron-specific
core regulatory hubs. Recent advances in single-cell RNA sequencing (scRNA-seq) now make it possible
to dissect transcriptional heterogeneity in complex brain tissue at cell-type resolution, while high-
dimensional weighted gene co-expression network analysis (hdWGCNA) enables the construction of
cell-type-specific co-expression networks and the identification of functional modules and hub genes
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linked to pathological states[12]. Integrating these approaches provides a powerful strategy to uncover
shared neuronal circuitry across distinct cognitive disorders.

Here, we integrated public single-cell transcriptomic datasets from AD, DE, and brain aging models,
extracted neuronal populations, and performed neuron-specific hdWGCNA to identify conserved co-
expression modules and hub genes across conditions. Intersection analysis pinpointed BAIAP2 as the
sole shared neuronal core gene. We then validated its downregulation in vivo across three mouse models
of cognitive impairment and in vitro under AD, DE, and aging-related stressors. Through this integrated
strategy—from single-cell data mining to network biology to multi-model experimental confirmation—we
demonstrate that BAIAP2 disruption represents a unified synaptic scaffolding mechanism bridging
neurodegeneration, metabolic brain injury, and brain aging, positioning it as a molecular entry point for
AD-spectrum therapeutic intervention against cognitive decline across etiologically distinct disorders.

BAIAP2 encodes the postsynaptic scaffolding protein IRSp53, which couples membrane curvature to
Rho-family GTPase signaling and actin cytoskeletal remodeling, thereby regulating dendritic spine
morphogenesis, postsynaptic density formation, and excitatory synaptic stability. BAIAP2/IRSp53 is
enriched in hippocampal neurons and is functionally linked to NMDA receptor-mediated synaptic
transmission and plasticity. Because the hippocampus—especially CA1, CA3, and dentate gyrus—is the
principal substrate for spatial learning and memory and is consistently vulnerable in AD, DE, and brain
aging, we focused on hippocampal BAIAP2 expression after identifying it as a shared neuronal hub gene
by hdWGCNA. This rationale links the single-cell network finding to the Morris water maze phenotype
and to the synaptic vulnerability shared by the three cognitive impairment models.

2. Materials and Methods

2.1. Single-cell transcriptomic data acquisition and
preprocessing

Single-cell RNA sequencing datasets related to Alzheimer’s disease (AD; GSE300079), diabetic
encephalopathy (DE; GSE217665), and brain aging (6SE217560) were obtained from GEO. GSE300079
(AD-related) was derived from 6-month-old APOE4s2 inducible allelic-switch mice and included 10
whole-brain scRNA-seq samples: 4s2 Global Cre (n = 3), 4s2 Astrocyte Cre (n =3), 4s2 no Cre (n=1), E2-
TR (n=2),and E4-TR (n = 1); E4-TR and 4s2 no Cre were defined as APOE4 risk/AD-related groups, while
E2-TR and 4s2 Global Cre were defined as APOE2 protective/switched groups. GSE217665 (DE) was
derived from 16-week-old db/db type 2 diabetic and control mice and included two cerebral cortex
scRNA-seq samples (diabetic n = 1, control n = 1); db/db mice were defined as the diabetes-associated
cognitive decline model. GSE217560 (brain aging) was derived from C57BL/6J mice and included four
brain scRNA-seq samples (CD 7mn=1,HFD 7mn=1,CD 12m n =1, HFD 12m n = 1), with the original
design reporting n = 3 mice per group; 18-month-old versus 9-month-old mice were defined as aging, and
CD versus HFD was defined as metabolic stress. For the main aging analysis, CD brain samples were
used, and HFD samples were used as a metabolic-stress sensitivity analysis. Because GSE217665
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contained only one diabetic and one control cortex sample and GSE217560 provided one brain library
per condition in the GEO sample list, the single-cell hdWGCNA analysis was considered
discovery/exploratory, and the identified shared hub gene was validated in independent in vivo and in
vitro experiments.

To ensure analytical uniformity, raw count matrices were processed and integrated using the Seurat
(v5.3.0) and Harmony (v1.0) packages within the R environment (v4.3.0). Quality control (QC) thresholds
were empirically optimized based on the distribution of sequencing metrics: cells with gene counts
between 200 and 7,000, with unique molecular identifier (UMI) counts < 30,000 and mitochondrial gene
percentage < 15% were retained. Potential doublets were identified and excluded using the Scrublet
(v0.2.3) algorithm, applied separately to each sample prior to integration. After filtering low-abundance
genes and low-quality cells, SCTransform was applied for data normalization and variance stabilization,
and principal component analysis (PCA) was performed on highly variable genes. To mitigate technical
confounders arising from inter-sample, inter-batch, and inter-dataset heterogeneity, the Harmony
algorithm was applied to the PCA dimensionality reduction space to perform a soft-k means clustering
correction.

Following batch-effect removal, a shared nearest neighbor (SNN) graph was constructed on the
corrected Harmony embeddings by FindNeighbors and FindClusters for unsupervised clustering. Then,
uniform manifold approximation and projection (UMAP) was performed for two-dimensional
visualization. Differential expression analysis for each cluster was performed using the Wilcoxon rank-
sum test to find marker genes and clusters were annotated based on the expression of canonical marker
genes, cross-validated against the original dataset annotations.

2.2. Neuron-specific high-dimensional weighted gene co-
expression network analysis (hdWGCNA)

To characterize neuronal co-expression network features shared across AD, DE, and brain aging, the
hdWGCNA (v0.2.2) package was used to systematically analyze the annotated neuronal subsets. Given
that technical and biological heterogeneity at the single-cell level can obscure true biological
correlations, we aggregated single-cell expression profiles into “metacells” to generate a more robust
correlation matrix. Specifically, using the MetacellsByGroups function, we aggregated cells with a
minimum of 15 cells per metacell, grouping by the covariates of orig.ident, experimental condition, and
neuronal subpopulation. This strategy effectively reduces data sparsity and balances the influence of
sample-specific variations on co-expression estimation while preserving biological variance.

Following metacell construction, the optimal soft-thresholding power (B) for each dataset was

determined using the TestSoftPowers across a range from 1 to 20. The optimal B was selected as the

lowest value that achieved a scale-free topology model fit index (R?) = 0.85, while simultaneously

ensuring robust mean connectivity to maintain the biological plausibility of the network topology. Based

on the selected B, we employed the ConstructNetwork function to compute the signed topological

overlap matrix (TOM), which minimizes spurious negative correlation and provides more biologically
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interpretable adjacency measurements. Co-expression modules were subsequently identified via
hierarchical clustering and the dynamic tree cut algorithm. Highly similar modules were merged to avoid
redundancy using the mergeCutHeight parameter.

For each identified module, we calculated the module eigengenes via principal component analysis of
the module expression matrix and computed intramodular connectivity to quantify the connectivity
strength of individual genes within their respective modules. To link these networks to pathological
phenotypes, module—trait correlation analysis was performed to identify neuronal modules significantly
associated with disease status, and candidate hub genes were subsequently determined based on
module membership and intramodular connectivity. Intersection analysis of hub genes from AD, DE, and
brain aging-associated modules was conducted to pinpoint shared core neuronal genes.

2.3. Experimental animals and model establishment

All animal experimental protocols were approved by the Animal Ethics Committee of Tianjin University of
Traditional Chinese Medicine (No.TCM-LAEC2024237R0915) and strictly conducted in accordance with
the laboratory animal welfare and institutional ethical guidelines. Animals were housed under specific-
pathogen-free (SPF) conditions with a temperature of 22 + 2°C, relative humidity of 60+ 5%,a 12 h
light/dark cycle, and ad libitum access to food and water. All animals underwent a one-week
acclimatization period prior to the initiation of experimental procedures.

For the brain aging model, 24-week-old male senescence-accelerated mouse prone 8 (SAMP8) mice
were employed, with age -matched senescence-resistant control SAMR1 mice serving as the normal
control group. Both strains were obtained from the Aged Mouse Breeding Base of the First Affiliated
Hospital of Tianjin University of Traditional Chinese Medicine (SCXK(JIN)2019-0006). For the AD disease
model, 24-week -old male APP/PS1 double transgenic mice were used, with non-transgenic C57BL/6J
littermate mice as controls. For the DE model, 8-week-old male C57BL/6J mice were rendered diabetic
via intraperitoneal (i.p.) injection of streptozotocin (STZ, Sigma-Aldrich, Cat# S0130) freshly dissolved in
citrate buffer; control mice received an equal volume of citrate buffer vehicle. Diabetes induction was
confirmed by measuring fasting blood glucose levels three days after the final STZ injection, and only
mice with glucose levels = 16.7 mM were included in the subsequent cognitive studies.

2.4. Morris water maze test

Spatial learning and memory were evaluated using the Morris water maze apparatus, consisting of a
circular stainless-steel pool filled with water and maintained at 22 + 1°C. A transparent circular escape
platform (diameter: 10cm) was submerged 1.0 cm below the water surface in the center of the target
quadrant. Distinctive extra-maze visual cues were affixed to the pool walls and remained constant
through all trials.

The test comprised a place navigation phase and a spatial probe phase. During the place navigation
phase, each mouse received one training trial per day over 5 consecutive days. At the start of each trial,
the mouse was placed into the water facing the pool wall from one of four pseudo-randomly selected
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start quadrants. The time taken to locate the hidden platform (escape latency) was recorded to assess
its spatial learning ability. If a mouse failed to find the platform within the 60s cutoff, it was gently guided
to the platform and allowed to remain there for 15s for spatial orientation. On day 6, the platform was
removed, and each mouse was allowed to swim freely for 60s and spatial memory retention was
assessed by measuring the time to first reach the original platform location, number of platform location
crossings, time spent in the target quadrant, and swimming speed were recorded to assess spatial
memory. All behavioral trajectories were automatically captured and analyzed by a video tracking
system. Group allocation was blinded during both experimental operation and data analysis.

After behavioral evaluation, all mice were deeply anesthetized and euthanized. Brain tissues from three
mice were fixed in 4% paraformaldehyde for immunofluorescence staining, while the hippocampi from
the remaining mice were dissected out and stored at - 80°C for later use.

2.5. Immunofluorescence staining

Fixed brain tissues were sectioned into coronal frozen/paraffin sections to detect the expression and
distribution of BAIAP2 protein in the hippocampus. Sections were rinsed with PBS, permeabilized with
0.25% Triton X-100 (Beyotime, Cat# ST1723) for 15 min at room temperature, and blocked with goat
serum (Solarbio, Cat# SL038) to saturate non-specific binding sites. Subsequently, sections were
incubated with rabbit anti-BAIAP2 polyclonal antibody (Proteintech, Cat# 11087-2-AP, RRID: AB_2063075;
1:200) overnight at 4°C in a humidified chamber. After three washes with PBS (5 min each), the sections
were incubated with Alexa Fluor 488-conjugated goat anti-rabbit IgG (Thermo Fisher Scientific, Cat# A-
11034, RRID: AB_2576217, diluted 1:500 in blocking buffer) in the dark. Nuclei were counterstained with
DAPI contained in an antifade mounting medium (Servicebio, Cat# G1407-25ML), and the sections were
then mounted with antifade mounting medium. As a negative control for antibody specificity, adjacent
sections were processed identically but with the primary antibody omitted.

Whole-section panoramic images were acquired using a Pannoramic MIDI |l digital slide scanner, with
high-magnification cellular localization across all samples, the laser intensity, gain, and exposure time
were strictly fixed for each fluorophore during acquisition. For quantitative analysis, anatomically
matched regions of interest were delineated in the hippocampal CA1, CA3 and DG subregions. For each
animal, three non-adjacent sections were analyzed, and three random fields of view were selected per
subregion per section. The average MFI from these measurements was used for subsequent statistical
comparison.

2.6. Cell culture and establishment of in vitro pathological
injury models

SH-SYS5Y cells (Procell, Cat# CL-0208) were cultured in DMEM/F12 medium (Gibco, Cat# 11330032)
supplemented with 10% fetal bovine serum (FBS, ExCell Bio Cat# FSP500) and 1% penicillin-

streptomycin (Gibco Cat# 15140122) at 37°C in a humidified atmosphere containing 5% CO,. Cells in the
logarithmic growth phase were used for experiments.
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To recapitulate AD related amyloid- neurotoxicity, DE associated metabolic stress, and aging-related
injury, cells were exposed for 48h to the following agents, respectively: AB,s_s5 (20 pg/mL, Sigma, Cat#
A4559; prepared by pre-incubation at 37°C for 7 days in sterile PBS to induce fibril formation), palmitic
acid (PA, 10 yM, Sigma, Cat# P0500) and D-galactose (10 mM, Sigma, Cat# G0750). All treatments were
performed in serum-containing complete medium without medium replacement during the 48 h
incubation. After treatment, cells were harvested for subsequent analysis, and morphological changes
were documented under an inverted phase- contrast microscope.

Cell viability was assessed using the CCK-8 assay (Life-iLab, Cat# AC11L054). Cells were seeded in 96-

well plates at a density of 1.0 x 10° cells per well in 100 puL medium. After 48h treatment, CCK-8 working
solution was added to each well according to the manufacturer’s protocol.

2.7. RT-qPCR

RT-gPCR was used to detect the mRNA levels of BAIAP2 in mouse hippocampal tissue and SH-SY5Y
cells. Total RNA was extracted using TRIzol Universal reagent (TIANGEN, Cat# DP424), and its purity was
assessed by the A260/A280 ratio (1.8-2.1). Equal amounts of RNA were reverse-transcribed into cDNA
using the FastKing RT Kit (TIANGEN, Cat# KR116) according to the manufacturer's instructions. RT-gPCR
was performed using SuperReal PreMix Plus (SYBR Green) (TIANGEN, Cat# FP205), with the following
thermal profile: 95°C for 30 s, followed by 40 cycles of 95°C for 5 s and 60°C for 30 s. Gapdh was used
as the internal reference for mouse samples and GAPDH for human cells.

2.8. Western blot analysis

Hippocampal tissue and SH-SY5Y cell samples were lysed in RIPA buffer (Servicebio, Cat# G2002-
100ML), and supernatants were collected after low-temperature centrifugation. Protein concentrations
were quantified using the BCA assay (Beyotime, Cat# P0009). Equal amounts of protein (10 pg per lane)
were separated by SDS-PAGE, wet-transferred to PVDF membranes (Thermo Fisher Scientific, Cat#
88518), and blocked with rapid blocking solution. Membranes were incubated overnight at 4°C with
primary antibodies against BAIAP2 antibody (Proteintech, Cat# 11087-2-AP, RRID: AB_2063075, 1:1000)
and B-actin antibody (Proteintech, Cat# 66009-1-Ig, RRID: AB_2687938, 1:10000). After three washes
with TBST, the membranes were incubated with HRP-conjugated goat anti-rabbit IgG (Proteintech, Cat#
SA00001-2, RRID: AB_2722564,1:10000) and goat anti-mouse IgG (Proteintech, Cat# RGAMO001, RRID:
AB_3068333,1:10000) for 2h at room temperature. Immunoreactive bands were visualized using ECL
chemiluminescence (Beijing Zoman Biotechnology Co., Ltd., Cat# ZD310-10) and captured with a
chemiluminescence imaging system. Densitometric analysis was performed using ImageJ software and
relative BAIAP2 protein expression was normalized to B-actin levels. All experiments were repeated in
three independent biological replicates.

2.9. Statistical analysis

Bioinformatic data processing and differential expression analyses were performed in R (v4.3.0) and
visualized with GraphPad Prism (v9.0). Comparisons between two groups were performed using an
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unpaired two-tailed Student'’s t-test; while multiple-group comparisons were evaluated by one-way
ANOVA followed by Tukey’s multiple comparison test. For high-dimensional single-cell transcriptomic
data, multiple hypothesis testing was corrected using Benjamini—Hochberg method, with an adjusted P-
value or FDR < 0.05 considered statistically significant. Quantitative data are presented as mean
standard deviation (SD) and all sample sizes (n) along with P-values or FDRs are detailed in the figure
legends.

3. Results

3.1. Single-cell integrative analysis defines the brain
cellular landscape across AD, DE and aging

To characterize the cellular landscape associated with Alzheimer’s disease (AD), diabetic
encephalopathy (DE), and brain aging, three single-cell RNA sequencing datasets were analyzed in
parallel. Following quality control, normalization, dimensionality reduction, and unsupervised clustering,
UMAP visualization resolved multiple transcriptionally distinct cell clusters within each dataset (Fig. 1A-
C).

We subsequently assigned biological identities to these clusters based on the expression of canonical
cell-type marker genes. The annotated UMAPs revealed diverse neuronal, glial, vascular, immune, and
other brain-associated cell populations across the three datasets (Fig. 1D-F). Major populations included
neurons, astrocytes, oligodendrocytes, microglia, endothelial cells, pericytes, macrophages, fibroblasts,
and choroid plexus epithelial cells, together with several dataset-specific populations such as
oligodendrocyte precursor cells, neuroblasts, neural progenitor/radial glial cells, ependymal cells,
smooth muscle cells, T cells, and neutrophils.

The validity of these annotations was further supported by the expression patterns of representative
lineage-specific markers (Fig. 1G-1). For example, neuronal populations were characterized by neuronal
markers including Rbfox3, Map2, Syt1, and Snap25; astrocytes expressed Gfap, Aldh111, and Agp4;
microglia were enriched for Tmem119, P2ry12, Cx3cr1, C1qa, and C1gb; and oligodendrocytes showed
prominent expression of Mbp, Plp1, Mog, and Opalin. Vascular populations were distinguished by
endothelial markers such as Pecam1 and Cldn5 and pericyte-associated markers including Pdgfrb, Rgs5,
Vin, and Abcc9. Additional populations were similarly supported by their characteristic marker
expression profiles, including Dcx in neuroblasts, Col1a1 or Dcn in fibroblasts, Mrc1 and Cd163 in
macrophages, and Ttr and Folr1 in choroid plexus epithelial cells.Together, the concordance between
unsupervised clustering, cell-type annotation, and canonical marker expression supported the
robustness of the cellular assignments across the three datasets. These analyses enabled the reliable
identification and extraction of neuronal populations for subsequent neuron-specific co-expression
network analysis.

3.2. hdWGCNA identifies BAIAP2 as a shared hub gene in neuronal modules across AD, DE and aging
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To identify conserved neuronal transcriptional programs associated with AD, DE, and brain aging, neuron-
specific high-dimensional weighted gene co-expression network analysis (hdWGCNA) was performed
independently in the three single-cell datasets. Based on neuronal subtype characterization,
representative neuronal populations were selected for subsequent co-expression network construction
(Fig. 2A-C). Prior to module detection, the optimal soft-thresholding powers were determined for each
dataset to establish scale-free network topology. The selected parameters achieved high scale-free
topology fitting while maintaining appropriate network connectivity, supporting the reliability of the
constructed neuronal co-expression networks.

Hierarchical clustering of neuronal gene expression profiles subsequently identified distinct co-
expression modules within each pathological condition (Fig. 2D-F). Module eigengene analysis revealed
specific neuronal modules preferentially associated with each pathological state, including an AD-
associated module enriched in Neurons3, a DE-associated module enriched in Neurons7, and an aging-
associated module enriched in Neurons30.

To identify shared molecular regulators underlying cognitive impairment across distinct pathological
conditions, hub genes from the disease-associated neuronal modules were extracted and compared.
Intersection analysis revealed BAIAP2 as the only common hub gene shared among AD, DE, and aging-
associated neuronal modules (Fig. 2G). These findings indicate that diverse pathological insults
converge on a conserved neuronal transcriptional network centered on BAIAP2.

3.3. Decreased BAIAP2 expression in the hippocampus of
model mice confirmed by behavioral and molecular assays

To determine whether BAIAP2, identified as a shared neuronal hub gene from single-cell transcriptomic
and hdWGCNA analyses, is dysregulated in vivo, we examined its hippocampal expression and the
associated cognitive phenotypes in model mice.

Spatial learning and memory were first assessed using the Morris water maze. During the place
navigation phase, escape latencies of control mice declined progressively across training days, whereas
model mice consistently took longer to locate the hidden platform. At the end of training, model groups
showed significantly longer latencies than their respective controls (P < 0.01, Fig. 3A). In the subsequent
probe trial, model groups crossed the former platform location significantly fewer times (P < 0.01,

Fig. 3B) and took significantly longer to first reach the platform location (P < 0.01, Fig. 3C) compared with
controls. These results indicate that the model mice developed robust learning and memory impairment.

The expression of BAIAP2 in the hippocampus of model mice was assessed. RT-qPCR revealed a
significant reduction in BAIAP2 mRNA levels in model groups compared with controls (P < 0.01, Fig. 3F).
Western blotting further demonstrated a corresponding decrease in BAIAP2 protein abundance (Fig. 3D),
and quantification confirmed a significant reduction compared with controls (P < 0.01, Fig. 3E).
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Collectively, BAIAP2 was downregulated at both transcriptional and translational levels in the
hippocampus of cognitively impaired model mice.

3.4. Immunofluorescence reveals downregulation of
BAIAP2 in hippocampus of model mice

To examine the regional distribution of BAIAP2 in the hippocampus, immunofluorescence staining was
performed on brain sections from control and model mice, with DAPI nuclear counterstaining. The
results showed that BAIAP2-positive signals were distributed across hippocampal CA1, CA3, and DG
regions, predominantly localized around DAPI-positive nuclei and in the neuropil-like areas of the
hippocampus (Fig. 4A). Quantitative analysis of mean fluorescence intensity showed that BAIAP2 levels
were significantly lower in model mice than in controls in CA1 (P < 0.01, Fig. 4B), CA3 (P < 0.01, Fig. 4C)
and DG (P < 0.01, Fig. 4D). These results indicate a consistent downregulation of BAIAP2 across these
hippocampal subregions in AD, DE and aging model mice.

3.5. BAIAP2 is downregulated in SH-SY5Y cell models of
neuronal injury

To further verify BAIAP2 expression under conditions mimicking the three disease context, SH-SY5Y
cells were treated with AB,s-35, palmitic acid (PA), or D-galactose to model AD-related amyloid toxicity,
DE-related lipotoxicity/metabolic stress, and aging-associated cellular damage, respectively. The
concentrations of PA and D-galactose were selected based on CCK-8 viability assays, and finally 10
pumol/L PA and 10 mmol/L D-galactose were selected for not affecting cell viability (Fig. 5A, 5B). The
AB,s5_35 concentration was adopted from a previous report (20 pg/mL)[13].

Following the respective treatments, BAIAP2 expression was quantified by RT-qPCR and western
blotting. Western blotting revealed decreased BAIAP2 protein abundance in all three treatment groups
compared with the normal control group (Fig. 5C), and densitometric analysis confirmed a significant
reduction (P <0.01, Fig. 5D). Consistently, all three treatment groups showed significantly reduced
BAIAP2 mRNA levels compared with untreated control cells (P < 0.01, Fig. 5F). These results indicate
that BAIAP2 is consistently downregulated at both transcript and protein levels across all three in vitro
injury models.

4. Discussion

Alzheimer’s disease (AD), diabetic encephalopathy (DE), and brain aging are three clinically distinct
conditions that nevertheless share a final common pathway of hippocampal-dependent cognitive
decline. AD is pathologically characterized by extracellular amyloid-B plaques, intracellular neurofibrillary
tangles composed of hyperphosphorylated tau, and progressive loss of synapses and neurons,
particularly within the entorhinal-hippocampal circuit[14—-16]. DE, a chronic complication of diabetes
mellitus, arises from sustained hyperglycemia, insulin resistance, advanced glycation end-product
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accumulation, and low-grade neuroinflammation, which together impair synaptic plasticity and promote
neuronal injury in the hippocampus[17-19]. Brain aging, even in the absence of overt neurodegenerative
disease, is accompanied by mitochondrial dysfunction, oxidative stress, altered proteostasis, and
reductions in synaptic protein expression and dendritic spine density[20—22]. Despite their different
primary triggers, all three conditions converge on synaptic failure—especially in hippocampal CA1, CA3,
and dentate gyrus regions—suggesting that neurons may activate or suppress a common transcriptional
program under diverse pathological stresses[23, 24]. This convergence provides the rationale for the
present study to search for shared neuronal hub genes across AD, DE, and aging-related cognitive
impairment at single-cell resolution[25, 26].

In this study, single-cell transcriptomic profiling combined with neuron-specific weighted gene co-
expression network analysis was performed to investigate whether distinct etiologies of cognitive
impairment—AD, DE, and brain aging models—share convergent transcriptional remodeling in neurons.
We identified BAIAP2 as the only shared neuronal hub gene across these three cognitive impairment-
associated conditions and validated its consistently downregulated expression at the spatial tissue level,
as well as both the transcript and protein levels in both in vivo and in vitro models. These findings
position BAIAP2 as a potential common nodal point linking diverse pathological insults to neuronal
dysfunction.

Previous studies have largely focused on pathway—specific mediators—such as amyloid- deposition,
tau hyperphosphorylation, insulin resistance, or oxidative stress—in isolation, which has limited our
understanding of why such distinct upstream triggers ultimately produce overlapping cognitive
phenotypes[27]. By applying high-dimensional weighted gene co-expression network analysis
(hdWGCNA) at single-cell resolution, we effectively minimized compositional confounding from non-
neuronal cell types and revealed that neurons under these three pathological states undergo strikingly
similar modular restructuring. This observation shifts the conceptual framework from shared terminal
phenotypes to shared systems-level transcriptional network reconfiguration, suggesting that synaptic
dysfunction in these conditions may represent a common effector pathway rather than a mere
epiphenomenon of individual disease cascades.

BAIAP2 encodes a postsynaptic scaffolding protein that couples membrane curvature through its N-
terminal IMD/I-BAR domain while simultaneously integrating Rho family small GTPase signals via its C-
terminal SH3 domain[28-30], thereby coordinating actin cytoskeleton dynamics with spine
morphogenesis[31]. This function. nthe primary structural basis for excitatory synaptic transmission[32],
their morphology and density directly determine synaptic transmission efficacy and neural circuit
plasticity. Thus, BAIAP2 serves as a critical structural bridge between molecular signaling and neural
circuit function[33]. Our study revealed that BAIAP2 downregulation exhibits high spatial consistency
across the hippocampal CA1, CA3, and DG regions, implying a broad disruption of the trisynaptic circuit
rather than a subregion-restricted effect. Importantly, this downregulation was consistently observed not
only in AD-related pathological conditions but also under metabolic stress and aging-like stimulus.
Furthermore, the fact that BAIAP2 downregulation was recapitulated in vitro by AB,s_ss, palmitic acid, and
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D-galactose—each representing a distinct primary insult—reinforces the idea that BAIAP2 functions as a
general stress-responsive node, rather than a disease-specific marker.

Collectively, these findings support a convergent neuronal vulnerability model: disparate upstream
drivers (proteotoxicity, metabolic stress, and chronological aging) may funnel into a common
downstream axis centered on BAIAP2-mediated synaptic actin cytoskeleton regulation. Disruption of this
axis, we propose, leads to spine destabilization, reduced synaptic efficacy, and ultimately, the shared
cognitive phenotypes observed across these diseases. While this model is conceptually parsimonious
and biologically grounded, it remains correlational at this stage and requires direct causal testing.

Nevertheless, this study has several limitations. The current conclusions are derived from correlational
expression data, the sufficiency and necessity of BAIAP2 in driving the observed cognitive deficits have
not been established. Additionally, the upstream transcriptional or epigenetic regulators responsible for
BAIAP2 downregulation under these distinct stressors remain unexplored, and it remains an open
question whether they converge on a shared promoter element or microRNA network.

In conclusion, this study reframes the molecular pathology of diverse cognitive disorders by shifting
from a single-etiology perspective to a shared structural susceptibility of neurons. BAIAP2 emerges as a
synaptic scaffolding hub whose consistent downregulation may represent a common neuronal substrate
for cognitive decline. This insight not only provides a unified framework for understanding disease
convergence but also highlights the modulation of synaptic cytoskeletal dynamics as a promising arena
for developing broad-spectrum therapeutic strategies against cognitive dysfunction of heterogeneous
origins.
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Figure 1

Single-cell transcriptomic profiling delineates the cellular landscape across Alzheimer’s disease, diabetic
encephalopathy, and brain aging. (A-C) UMAP visualization of unsupervised cell clusters in the
Alzheimer’s disease (AD), diabetic encephalopathy (DE), and brain aging datasets, respectively, following
quality control, normalization, and batch-effect correction. Cells are colored according to unsupervised
cluster identity. (D-F) UMAP visualization of the corresponding datasets after cell-type annotation based
on canonical lineage-specific marker genes. Distinct neuronal, glial, vascular,immune, and other brain-
associated cell populations were identified in each dataset. (G-1) Dot plots showing the expression
patterns of representative canonical marker genes across the annotated cell populations in the AD, DE,
and brain aging datasets, respectively. Dot size represents the percentage of cells expressing the
indicated gene, whereas color intensity represents the scaled average expression level.
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Figure 2

Neuron-specific hdWGCNA identifies BAIAP2 as a shared hub gene across Alzheimer’s disease, diabetic
encephalopathy, and brain aging. (A, C, E) Hierarchical clustering dendrograms generated by neuron-
specific high-dimensional weighted gene co-expression network analysis (hdWGCNA) for the AD, DE, and
brain aging datasets, respectively. Genes with similar co-expression patterns were grouped into modules,
with module assignments indicated by different colors beneath each dendrogram. (B, D, F) Dot plots
showing the expression patterns of the identified co-expression modules across annotated brain cell
populations in the corresponding AD, DE, and brain aging datasets. These analyses highlighted the
neuron-enriched modules Neurons3, Neurons7, and Neurons30 in the AD, DE, and brain aging datasets,
respectively. Dot size indicates the percentage of cells contributing to the indicated feature, and color
represents the scaled average expression level. (G) Venn diagram showing the intersection of candidate
hub genes derived from the selected neuronal modules in the three datasets. BAIAP2 was the only hub
gene shared among AD, DE, and brain aging.
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Figure 3

Cognitive impairment is accompanied by reduced hippocampal BAIAP2 expression in mouse models of
Alzheimer's disease, diabetic encephalopathy, and brain aging. (A) Escape latency during the 5-day
place-navigation phase of the Morris water maze in AD, DE, and aging model mice and their respective
controls. (B) Representative swimming trajectories during the spatial probe trial after removal of the
hidden platform. (C) Latency to first reach the former platform location during the probe trial, used to
assess spatial memory retention. (D) Representative Western blot images of BAIAP2 and B-actin in
hippocampal tissues from the three model groups and their corresponding controls. (E) Densitometric
quantification of hippocampal BAIAP2 protein expression normalized to B-actin. (F) Relative BAIAP2
MRNA expression in hippocampal tissues determined by RT-qPCR. Data are presented as mean + SD.
Statistical comparisons were performed between each model group and its corresponding control
group. *P < 0.05, **P < 0.01.
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Image not available with this version

Figure 4

BAIAP2 expression is reduced in the hippocampal CA1, CA3, and dentate gyrus regions of AD, DE, and
aging model mice.(A) Representative immunofluorescence images of BAIAP2 in the hippocampal CAT1,
CAS3, and dentate gyrus (DG) regions from control, Alzheimer’s disease (AD), diabetic encephalopathy
(DE), and aging model mice. BAIAP2 immunoreactivity is shown in green, and nuclei are counterstained
with DAPI (blue). Scale bars, 50 pm. (B-D) Quantification of BAIAP2 fluorescence intensity normalized to
the analyzed area in the CA1 (B), CA3 (C), and DG (D) regions. BAIAP2 fluorescence was significantly
reduced in all three hippocampal subregions in the AD, DE, and aging groups compared with the control
group. Data are presented as mean * SD. **P < 0.01 versus control.
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Figure 5

BAIAP2 expression is consistently reduced in SH-SY5Y cell models of AD, DE, and aging-related neuronal
stress. (A) CCK-8 assay showing SH-SY5Y cell viability following exposure to increasing concentrations
of D-galactose. (B) CCK-8 assay showing SH-SYS5Y cell viability following exposure to increasing
concentrations of palmitic acid. Cell viability was used to determine treatment concentrations for
subsequent experiments. (C) Representative Western blot images of BAIAP2 and B-actin in control cells
and in SH-SY5Y cells subjected to AD, DE, and aging-related stress conditions. (D) Densitometric
quantification of BAIAP2 protein expression normalized to B-actin. (E) Relative BAIAP2 mRNA
expression determined by RT-gPCR. BAIAP2 protein and mRNA levels were significantly reduced under
all three pathological stress conditions compared with the control group. Data are presented as mean *
SD. **P < 0.01 versus control.
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