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ABSTRACT: Alzheimer's disease (AD) manifests as a complex systems pathology with intricate interplay among
various genes and biological processes. Traditional differential gene expression (DEG) analysis, while commonly
employed to characterize AD-driven perturbations, does not sufficiently capture the full spectrum of underlying
biological processes. Utilizing single-nucleus RNA-sequencing data from postmortem brain samples across key
regions—middle temporal gyrus, superior frontal gyrus, and entorhinal cortex-we provide a comprehensive
systematic analysis of disrupted processes in AD. We go beyond the DEG-centric analysis by integrating pathway
activity analysis with weighted gene co-expression patterns to comprehensively map gene interconnectivity,
identifying region- and cell-type-specific drivers of biological processes associated with AD. Our analysis reveals
profound modular heterogeneity in neurons and glia as well as extensive AD-related functional disruptions. Co-
expression networks highlighted the extended involvement of astrocytes and microglia in biological processes beyond
neuroinflammation, such as calcium homeostasis, glutamate regulation, lipid metabolism, vesicle-mediated transport,
and TOR signaling. We find limited representation of DEGs within dysregulated pathways across neurons and glial
cells, suggesting that differential gene expression alone may not adequately represent the disease complexity. Further
dissection of inferred gene modules revealed distinct dynamics of hub DEGs in neurons versus glia, suggesting that
DEGs exert more impact on neurons compared to glial cells in driving modular dysregulations underlying perturbed
biological processes. Interestingly, we observe an overall downregulation of astrocyte and microglia modules across
all brain regions in AD, indicating a prevailing trend of functional repression in glial cells across these regions. Notable
genes from the CALM and HSP90 families emerged as hub genes across neuronal modules in all brain regions,
suggesting conserved roles as drivers of synaptic dysfunction in AD. Our findings demonstrate the importance of an
integrated, systems-oriented approach combining pathway and network analysis to comprehensively understand the
cell-type-specific roles of genes in AD-related biological processes.
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INTRODUCTION

Alzheimer’s disease (AD) is an increasingly prevalent
neurodegenerative disorder with global cases surpassing
50 million, presenting an urgent need for understanding
its complex pathology [1, 2]. The etiology of AD is
characterized by hallmark molecular and cellular
alterations, most notably the accumulation of senile

amyloid-beta (AP) plaques and the presence of
hyperphosphorylated Tau neurofibrillary tangles (NFTs)
[2-6]. Such pathological alterations often trigger
neurotoxic cascades, resulting in synaptic dysfunction,
pervasive neuronal loss, and subsequent functional
disruption of neuronal networks [7-11]. However, AD
perturbations manifest heterogeneously across brain
regions and cell types, contributing to the complexity of
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its pathology [12, 13]. Indeed, several lines of evidence
indicate that AD inflicts selective disruptions to biological
processes among cellular subpopulations in different
brain regions, revealing a region- and cell-type-dependent
susceptibility [14—17]. This cellular and regional diversity
in affected mechanisms poses significant challenges in the
discovery and screening of candidate biomarkers and
potential therapeutic strategies.

Recent advancements in single-cell/single-nucleus
RNA-sequencing (sc/snRNA-seq) present an opportunity
to dissect the molecular basis of AD with unprecedented
resolution [18, 19]. Leveraging these techniques,
numerous studies have identified differential gene
expression (DEG) patterns associated with AD, revealing
insights into cellular states and their variations during
disease progression [20-23]. For instance, gene
expression analysis of cells in the prefrontal cortex
revealed that neurons primarily contain downregulated
genes in AD, while glial cells, albeit to a lesser extent,
exhibit opposite directionality [21]. Indeed, top DEGs
were cell type-specific, highlighting the distinct cell-type-
specific transcriptional responses to AD-associated
perturbations. Consistent with this, Grubman et al.[24]
identified upregulated transcription factors in the
entorhinal cortex that mediate cell-type-specific state
transitions from control to AD. Similarly, comprehensive
transcriptomic evaluations in human and mice models
revealed a unique set of DEGs associated with a disease-
associated microglia (DAM) state [22, 23, 25]. Notably,
these studies revealed that the DAM state is marked by
downregulation of several homeostatic  genes,
recapitulating the notion that cell-type subpopulations can
express distinct transcriptional alterations. Recently,
Habib et al. [26] reported an AD-associated astrocyte
subpopulation in the prefrontal cortex and hippocampus,
characterized by elevated GFAP levels and increased
expression of genes implicated in amyloid aggregation
and inflammation [22, 26]. Despite the detailed
transcriptional landscape of AD outlined by these
findings, such investigations predominantly focus on
isolated differential gene expressions, lacking an
integrated  systems-level  understanding of  the
relationships between these genes and their functions
within broader biological processes.

AD is recognized as a systems disease, where the
pathology extends beyond molecular alterations to
encompass complex interactions in gene networks [27,
28]. The pathological progression and perturbation of
biological processes in AD are not merely driven in
isolation by DEGs, but rather by the complex interplay of
a robust sets of genes within biological processes or
signaling cascades [29]. Thus, the collective molecular
interactions observed across various cellular processes
fundamentally shape the pathogenesis of AD [30]. Gene

co-expression network analyses have emerged as critical
tools to capture these interactions, uncovering highly
interconnected network of genes in AD and higher order
network structures associated with the pathology.
Notably, Morabito et al. [31] utilized this systems-level
perspective to identify consensus networks of microglia
genes representing classical markers of homeostatic
microglia or known DAM genes, indicating that microglia
assume activated states due to the functional interplay of
associated genes. Likewise, Miyoshi et al. [32]
demonstrated unique dysregulation patterns in functional
biological units in early sporadic AD, suggesting that
dynamic modular changes in gene expression may play a
crucial role in AD progression. These findings
collectively offer a thorough characterization of the
systems-level features of the AD brain. However, since
functional perturbation of biological processes arises from
the underlying network architecture of the comprising
gene programs, it is still unclear whether and to what
extent DEGs play a central role in the perturbation of
these processes or whether they are merely partakers of
their associated biological units [33, 34].

In this study, we leverage snRNA-seq data from key
regions of postmortem AD brains to conduct a systems-
level analysis of pathway perturbations. Our approach
integrates pathway activity analysis with weighted gene
co-expression patterns, providing insights into functional
coherence and interplay among genes involved in
perturbed biological processes in AD. To identify the
complex systems-level changes in both neuronal and glial
cell populations, we first comprehensively characterize
region- and cell-type-specific pathway dysregulation
patterns associated with AD. This nuanced approach
reveals an expanded role for astrocytes and microglia in a
variety of biological processes than previously
appreciated in neuron-centric models of AD. We also
highlight the dysregulation of calcium (Ca®") signaling
across different cell types and regions, representing an
axis of disruption that has been consistently implicated in
AD pathology. Next, we qualitatively demonstrate that
DEGs are not robustly distributed in the curated set of
genes comprising the biological processes (gene
programs) implicated in AD. Finally, we employ a
weighted gene co-expression strategy to uncover gene
modules and highly connected hub genes underlying the
perturbed gene programs. This approach revealed distinct
dynamics of hub DEGs (hub-DEGS) in neuronal versus
glial modules, which suggests that DEGs exert a more
pronounced influence on neurons than on glial cells in
driving pathway perturbations in AD. By offering a
comprehensive, systems-driven perspective of AD
pathology, our findings refine the current understanding
of the disease and opens new avenues for targeted
therapeutic and diagnostic strategies.
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MATERIALS AND METHODS
Study Design and Data Acquisition

Here, we leveraged pre-processed snRNA-seq data
obtained from two independent studies [20, 35]
comprising three different brain regions: Middle
Temporal Gyrus (MTG), Superior Frontal Gyrus (SFG),
and Entorhinal Cortex (ETC) (Fig. 1). We reasoned that
using samples matched for pathological status would
minimize the technical variation due to data composition
and allow for meaningful comparison across the brain
regions. To accomplish this, we selected a cohort of 10
male individuals form the Gabitto et al. (MTG) [35] study
based on their level of AD neuropathologic change

(ADNC). Donors from the Gabitto et al. study [35] were
specifically chosen to align with corresponding cases
from the Leng et al. (SFG & ETC) study [20]. ADNC
stage is evaluated using the robust “ABC” scoring system,
considering the Thal phases (A) to gauge the overall AP
burden; Braak stage (B) for neurofibrillary tangles (NFT)
load, and neuritic plaque score (C) [36]. The combination
of A, B, and C scores are used to categorize individuals
into distinct pathological stages, denoted as “Not AD”,
“Low”, “Intermediate” and “High” ADNC stages. It is
worth mentioning that accumulation of AP plaques and
extent of NFT inclusions have consistently proven to be
the most reliable correlates of neuropathological staging
and AD diagnosis [38-40].
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Figure 1. Schematic overview of study workflow and analytical methods. Sample and nuclei distribution across pathological and
study groups are shown in the left panel, while the right panel illustrates the bioinformatics pipeline employed for the identification of
perturbed gene ontology (GO) biological processes and their associated gene co-expression networks (Methods), created using
BioRender.com. The workflow begins with computing pseudo-bulked averages of normalized gene expression profiles for single-cell
expression profiles of each cell type (Steps 1 & 2). Subsequently, pathway activity scores were calculated (Steps 3 & 4), using gene set
variation analysis (GSVA) as previously described [37]. Differential pathway activity was then estimated for each pathway-cell type
combination, employing a generalized linear model (Step 5). Construction of co-expression networks, performed with hdWGCNA [31]
was specifically limited to gene programs comprising perturbed pathways (Steps 6-8).

Consequently, “Intermediate” or ‘“High” AD
neuropathologic stages are typically associated with
dementia. To ensure a balanced representation across
ADNC stages, each study cohort comprised four
individuals with a “Not AD” descriptor, representing
cognitively healthy controls, while the remaining six were
equally distributed among Low/Intermediate and High

ADNC stages, allowing us to capture the cortical-free,
early, and late stages of AD pathology in our analysis
(Fig. 1). The pre-processed data (obtained after quality-
control filtering) from [35] contained 154,368 sSnRNA-seq
profiles from the MTG, while a total of 106,136 nuclei
(SFG =63,608 & ETC = 42,528) were obtained from [20]
(Fig. 1). Predefined cell-type annotations were used to
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restrict analysis to six different cell types: excitatory
neurons, inhibitory neurons, astrocytes, microglia,
oligodendrocytes, and oligodendrocyte precursor cells
(OPCs).

The overall cohort of 20 male individuals were
originally enrolled in the Adult Changes in Thought
(ACT) Study, the University of Washington Alzheimer’s
Disease Research Center (ADRC) [35], the
Neurodegenerative Disease Brain Bank (NDBB) at
UCSF, or the BBAS from the University of Sao Paulo [20,
41]. These individuals were part of a larger cohort
previously reported in [20, 35]. Notably, brain specimens
from the Leng et al. study [20] were obtained from NDBB
and BBAS, representing 10 of the male participants from
the postmortem cohort used in this study. Brain slices
were obtained from ETC and SFG (Brodmann area 8). All
individuals underwent rigorous neuropathological
assessments following established protocols, ensuring
that selected brain samples exhibited pronounced AD-
type pathology while excluding non-AD pathologies,
such as Lewy body disease, TDP-43 proteinopathies,
primary tauopathies, and cerebrovascular changes. The
study cohort comprised 10 male participants subjected to
snRNA-seq, presenting a diverse spectrum of Braak
stages (ranging from 0 to 6), ADNC categories
(comprising Not AD [n=4], Low [n=3], and High [n=3]),
and consistently harboring APOE €3/e3 genotypes. The
isolation of nuclei was extensively documented in [20].
Briefly, postmortem frozen brain tissue was dounce-
homogenized with the addition of IGEPAL-630, followed
by gradient centrifugation for nuclei filtration and
purification. Subsequently, sequencing libraries were
constructed utilizing droplet-based snRNA-seq with 10X
Genomics' Chromium Single Cell 3' Reagent Kits v2,
targeting a total of 10,000 nuclei per sample. The resulting
sequencing data underwent demultiplexing through Cell
Ranger, utilizing a customized pre-mRNA GRCh38
reference genome designed to accommodate introns.
Alignment and gene expression quantification were
performed using cellranger count under default settings.

Brain specimens from the study by Gabitto et al. [35]
were obtained from the ACT Study and the UW ADRC.
The study cohort was carefully selected, encompassing a
wide spectrum of AD severity while excluding
individuals diagnosed with Frontotemporal Dementia,
Frontotemporal Lobar Degeneration, Down Syndrome,
Amyotrophic Lateral Sclerosis, or other degenerative
disorders (except Lewy Body Disease). The cohort
consisted of 84 participants aged 65 and above,
representing various stages of Alzheimer's disease
severity. Rapid autopsies were conducted to ensure a
postmortem interval of less than 12 hours. Tissue
processing involved uniform coronal slicing of one
hemisphere, fixed or frozen slabs, and subsequent

processing of Superior and Middle Temporal Gyrus tissue
samples. As in [20], the study rigorously adhered to
neuropathological assessments, tissue processing, and
immunohistochemical analyses, providing clinical,
cognitive, and demographic data.

Specifically, the study comprised a cohort of 84
ACT/ADRC donors spanning a broad range of ADNC
levels and comorbid pathologies, including Lewy Body
Disease, vascular brain injury, and hippocampal sclerosis.
Notably, the cohort tended to skew towards more
advanced stages of the disease, with 58% of participants
exhibiting a Braak stage of 5 or higher (Braak Stage: 0
[n=2], 2 [n=4], 3 [n=6], 4 [n=23], 5 [n=34], 6 [n=15]) and
61% having a Thal Phase of 4 or higher (Thal Phase: 0
[n=9], 1 [n=5], 2 [n=7], 3 [n=12], 4 [n=30], 5 [n=21]).
Demographically, the cohort displayed a slight female
bias (51 females and 33 males), particularly among donors
with high ADNC (Not AD [N=9], Low [n=12],
Intermediate [n=21], High [n=42]). Furthermore, the
cohort was characterized by advanced age, with an
average age at death of 88 years, and half of the donors
received a clinical diagnosis of dementia. Genetic analysis
revealed the presence of the APOE €4 genotype, a primary
risk factor for AD, in 23 donors, while the remaining
donors possessed €3 and €2 alleles in various
combinations. Sequencing libraries were constructed
following standard guidelines for 10x Genomics Kkits.
RNA isolation from nuclei was performed with
subsequent evaluation of RNA integrity. The isolated
nuclei and high-quality RNA samples were then
employed for snRNA-seq, SnATAC-seq, and MERFISH.
The selection of individuals from this study for our work
was based on their alignment with corresponding cases
from the participants in [20], considering their level of
ADNC. For the present analysis, participants were
stratified based on the ADNC spectrum, encompassing
individuals from "Not AD" to various stages of AD
pathology as outlined above.

Data Processing

The processed droplet-based snRNA-seq profiles,
amounting to a total of 260,504 profiles, were obtained
from [42, 43]. Quality control and filtering steps were
previously detailed in each study. In Leng et al. [20], raw
gene-barcode  matrices  were  converted into
SingleCellExperiment (SCE) objects in R using
DropletUtils. Nuclei from empty droplets or with fewer
than 200 UMIs were discarded, followed by data merging
and normalization based on the strategy in [44]. High-
variance genes were identified for dimensionality
reduction using the Seurat package, but as individual
origin influenced results, the scAlign tool was adopted for
cross-sample alignment, prioritizing biological over
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technical factors. Clusters were mapped to major brain
cell types using specific marker genes, with ambiguous
clusters removed, and fine-grained subclustering
performed by isolating cells from primary cell types. In
the study Gabitto et al. [35], nuclei gene expression data
were mapped to a reference transcriptome using gene
expression and chromatin  accessibility profiles,
discarding nuclei with fewer than 500 detected genes from
upstream of cell type mapping. The filtered nuclei were
then classified into classes, subclasses, and supertypes
using scCANVI, with predictions evaluated against known
marker gene expressions. Regions with variable
expressions were examined for potential contamination,
and data were further refined using high-resolution Leiden
clustering. Clusters with undesirable metrics were
subsequently flagged and removed to further improve
quality.

The samples from the ETC and SFG of autopsied
brains generated by Leng et al. [20] is accessible for
download from Synapse.org [42] under the Synapse ID
syn21788402. Gabitto et al. [35] data, generated from the
MTG, was obtained from the Seattle Alzheimer’s Disease
(SEA-AD) Brain Cell portal [43, 45]. We categorized
participants into three distinct groups: 8 individuals with
"Not AD" designation served as cognitively healthy
controls, while 12 individuals manifested mild to severe
AD-pathology. Out of these 12 AD-pathology groups, 6
participants with "Low" or "Intermediate” ADNC scores
are designated as ‘early-pathology' group, whereas the
remaining 6 with a "High" ADNC scores are designated
as 'late-pathology' group. As reported in the source
studies, informed consent was obtained for all
participants, and ethical approvals for the use of human
tissues were obtained from the respective institutional
review boards. All post-mortem neuropathological
assessments, clinical evaluations, and pathological
grouping are detailed in Supplementary Table 1 [46].

Differential gene expression

Cell type-specific differential gene expression analysis
was evaluated using a customized version of the Libra R
package [47] accessible via GitHub. The source package
implements 22 unique differential expression methods
that can all be accessed from a singular function call.
Given the susceptibility of cell-based differential
expression methods to the drop-out events and
overdispersion intrinsic to single-cell data, we mitigated
against these limitations by using a method designed
specifically for bulk sequencing data. Specifically, we
adopted the DESeq2 [48] routine with the Wald test for
differential expression analysis between the control group
and the AD group. To ensure that the analysis accounted
for true biological replication—that is variability at the

level of individual objects—unique molecular identifier
(UMI) counts from cells belonging to the same individual
and specific cell type were aggregated to create 'pseudo-
bulk' samples. Genes with negligible expression in a given
cell type, indicated by a nonzero detection rate below 10%
in the aggregated pseudo-bulk, were precluded from
further analyses to mitigate false-positive discoveries.
Preliminary assessment of the principal components of
these individual-level aggregated gene expression profiles
corroborated the decision to exclude additional
covariates, such as age at death and post-mortem interval.
Therefore, the pathological status served as the sole
covariate in our differential expression model. Genes
were identified as significantly differentially expressed if
they exhibited an absolute log fold change (logz2FC)
exceeding 0.25 and a false discovery rate (FDR) below
0.01. The table of p-values and log fold changes for all
genes across all brain regions and cell types is provided in
Supplementary Tables 2-4 [46].

Pathway analyses

The compendium of Gene Ontology biological processes
(2018 edition) was retrieved from the Mayaan laboratory
repository [49]. Certain pathways were renamed to
optimize clarity and standard nomenclature, with specific
modifications enumerated in Supplementary Table 5 [46].
Pathway activity scores were computed in accordance
with protocols outlined in [50]. This method effectively
retrieved cell type-specific signatures, not accounted for
by randomly sampled gene set enrichment analysis [51].
In brief, we first computed cell-type-level normalized
gene expression profiles for each individual using the
ACTIONet normalization procedure [52]. Subsequently,
pathway activity scores were computed as previously
implemented in the R package GSVA (version 1.46.0)
[37]. GSVA was chosen to enable a comprehensive
characterization of subtle yet biologically relevant
pathway dysregulation, as it incorporates the cumulative
expression changes across all genes, rather than only those
meeting arbitrary differential expression criteria.
Moreover, GSVA generates quantitative pathway activity
scores per sample, which facilitates downstream analyses
like the differential activity testing performed here, as
opposed to binary enriched/not-enriched results. GSVA
was executed with the following parameters:
mx.diff=TRUE, kedf=c("Gaussian"), min.sz=>5,
max.sz=500. To minimize the discovery of false positive,
gene sets were filtered to exclude genes with insufficient
expression in the designated cell type, defined by a
nonzero detection rate less than 10%. For each pathway
and cell type, activity scores were modeled using linear
regression, taking the form: activity score ~fo %
pathology.group. No additional covariates were
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incorporated, as PCA revealed no significant association
with pathological status, thus not accounting for observed
variances in overall gene profiles. The "pathology.group
variable stratifies samples into 'no-pathology," ‘early-
pathology,' or 'late-pathology" categories. Linear models
were fitted using the Imfit() function, and corresponding
t-statistics were generated through the eBayes() function,
both from the Limma R package (version 3.50.3).
Differential expression between the ‘no-pathology’ and
‘AD-pathology’ groups was estimated by setting the
contrast argument as makeContrast = (early + late)/2 —
no. Pathways were identified as significantly
differentially expressed based on a nominal p-value cut-
off of 0.05 (as depicted in Fig. 1). The procedure resulted
in the identification of prioritized candidate pathways
across major cell types. Estimates of o coefficients, along
with additional statistics as outlined in Fig. 1, are
comprehensively documented in Supplementary Tables
6-8 [46], including both nominal p-values and FDR-
corrected p-values.

Gene Co-expression Network Analysis

Network construction and module identification: To
generate robust gene-gene correlations, we employed
hdWGCNA (version 0.2.18) [31], specifically tailored for
single-cell and scRNA-seq data. We first generated a
Seurat object (version 4.3.0.1) [52] wusing the
*SetupForWGCNA™ function, setting the “gene select”
parameter to custom. We confined our analysis to
functionally relevant gene programs, extracted from the
gene sets comprising the pathways that were dysregulated
(with nominal p-values less than 0.05) in each cell type.
Given our limited sample size of 10 individuals per brain
region, we employed the recommended metacell
approach for hdWGCNA to mitigate issues with sparse
data and lack of power inherent to pseudobulking with
small sample sizes. Metacells, which are essentially
aggregates of transcriptionally similar cells originating
from the same biological replicate, were constructed using
the k-Nearest Neighbors (KNN) algorithm, with default
parameters (k=25, max_shared=10). This step mitigated
data sparsity inherent to sScRNA-seq data and generated a
metacell gene expression matrix conducive for robust
network construction. Subsequently, the optimal soft
power threshold was determined using TestSoftPowers
function in a ‘signed’ network, conducting a parameter
sweep over a range of 1 to 30. This specifies the degree to
which gene-gene correlations are scaled in order to reduce
the amount of noise present in the correlation matrix and
prioritize strong correlations. The selected soft power
thresholds, demonstrating a fit to the scale-free topology
model, are reported in Supplementary Fig. 3-5. Network
construction and module detection were performed using

the ConstructNetwork function, which employs the scaled
correlations to compute a topological overlap matrix
(TOM), reflecting the network of shared neighbors
between genes. Module dendrograms were visualized
using the PlotDendrogram function (Supplementary Fig.
6-8).

Module signatures and hub gene identification: To
summarize the gene signatures within each module,
module eigengenes (ME) were calculated using the
ModuleEigengenes function with default settings. This
effectively represents the first principal components of the
subset of the gene expression matrix comprising each
module, allowing us to obtain the module feature genes.
The intra-modular connectivity (kKME), a metric
representing the correlation of each gene with its ME, was
determined using the SignedKME algorithm, essentially
determining the highly connected genes in each module.

Network visualization: For a comprehensive low-
dimensional visualization, we applied the
RunModuleUMAP function on the TOM, confining it to
the top 5 hub genes per module based on KME values.
This resulted in a UMAP representation where the
organization was primarily determined by the hub genes,
and only the top 10 hub genes in each module were
annotated in the UMAP space.

Differential module analysis and functional
enrichment: To discern modular differences between
control and diseased group in each cell type, a differential
module eigengene analysis was performed using the
FindAllMarkers function in Seurat, applying the
Wilcoxon test. Results are depicted in lollipop diagrams,
with non-significant modules marked “X” (nominal P >
0.05). Supplementary Tables 9-11 [46] contains
additional statistics for each cell type across tested brain
regions. Furthermore, the overlap of co-expression
modules with DEGs or AD-associated genes from the
Open Targets Platform [53], KEGG Alzheimer’s disease
pathways [54], and Harmonizome [55] was calculated
using the R package GeneOverlap (version 1.34.0) via
Fisher’s exact test. Finally, functional enrichment analysis
was conducted on hdWGCNA modules using the R
package enrichR, focusing on Gene Ontology processes
exhibiting differential expression in specific cell types.

RESULTS

Cell-type- and region-specific perturbations in
molecular processes define the heterogeneous responses
to AD

To comprehensively characterize perturbed molecular
processes in AD, we performed differential pathway
activity analysis, leveraging Gene Ontology biological
processes (Fig. 1, Methods). To enhance the sensitivity in
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detecting subtle changes in pathway activity, we first
aggregated gene expression values into pathway activity
scores (Fig. 1, Methods) [49]. These scores effectively
summarize the collective gene expression levels within
each pathway and improved statistical power for
subsequent analyses. We then examine whether there are
qualitative changes in the aggregated scores due to AD
using a generalized linear model with pathological status
as the only covariate. Preliminary analysis of the principal
components of the aggregated expression data revealed
that other covariates, such as age at death and post-
mortem interval, are not correlated with biological or
technical variation (Supplementary Fig. 1), and as a result
were excluded from the design matrix, ensuring that the
data modeling focused solely on the biologically relevant
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Figure 2. Cell-type-specific pathway perturbations in AD.
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Our analysis revealed that AD inflicts a wide range of
perturbations in molecular process (P < 0.05) across the
three brain regions (Fig. 2-4), ranging from cell-type-
specific alterations, exclusive to a single cell type (Fig. 2),
to broadly dysregulated pathways affecting at least two
cell types (Fig. 3). Remarkably, the affected pathways
displayed substantial similarity across brain regions, with
some showing consistent directional changes across cell
types, while others exhibited complex patterns of distinct
alterations in each cell type (Supplementary Fig. 2; see
Supplementary Table 12 for full list of overlapping
pathways [46]). Specifically, in the MTG, cell-type-
specific perturbations were particularly evident in
excitatory neurons, manifesting predominantly in
dysregulation of synaptic-related processes, including
upregulation of pre- and post-synaptic membrane
organization, synaptic vesicle recycling, and Ca®-
mediated synaptic signaling (Fig. 2A). Conversely,
inhibitory neurons in the MTG showed a distinct pattern
of downregulation in processes like excitatory
postsynaptic potential, Ca?* ion transport, and cell
communication. Additionally, we observed cell-type-
specific dysregulations in astrocytes (vesicle-mediated
transport, P=0.0149), microglia (inflammatory response,
P=0.0003), oligodendrocytes (nervous  system
development, P=0.0049), and OPCs (TORCL1 signaling,
P=0.0001), each demonstrating unique pathway
alterations pertaining to their cellular functions. For
instance, astrocytes exhibited upregulation of endosomal-
related vesicle transport, while microglia showed
alterations in protein localization and endoplasmic
reticulum stress response (Fig. 2A). Oligodendrocytes
were affected in nervous system development, and OPCs
displayed perturbed glycolipid synthesis (Fig. 2A).
However, a considerable number of processes were
uniquely altered in specific cell types, highlighting the
highly cell type-specific nature of pathway perturbations
in the MTG (Fig. 2G).

Surprisingly, synaptic-related alterations were not
exclusive to neurons; Ca?* ion-dependent exocytosis was
consistently downregulated across neuronal cells, while
dysregulated neurotransmitter receptor transport and
internalization were observed in OPCs and inhibitory
neurons, among other broadly dysregulated processes
(Fig. 3A). In addition, processes involved in the regulation
of Ca®* ions, voltage-gated Ca?* channel activity and
signaling, as well as myelination, exhibited distinct
patterns of perturbation in excitatory, inhibitory,
oligodendrocytes, and OPCs (Fig. 3G). Notably, 60%
(n=333, P<0.05) and 57% of pathways are downregulated
in excitatory and inhibitory neurons (n=355, P<0.05),
respectively. In contrast 58-76% of pathways are
upregulated in astrocytes (n=195, P<0.05), microglia

(n=340, P<0.05), oligodendrocytes (n=287, P<0.05), and
OPCs (n=199, P<0.05) (Fig. 2D). These findings together
highlight the highly cell type-specific nature of pathway
perturbations in the MTG, suggesting divergent
mechanisms between neuronal and glial cells.

We next examined the pathway dysregulation
patterns in the SFG and ETC. Similar to findings in the
MTG, we observed a diverse set of AD-induced pathway
alterations uniquely or broadly perturbed in the SFG and
ETC (Fig. 2 and 3B, C), further highlighting the
heterogeneity of cellular responses to AD pathology.
These include processes like synaptic transmission and
membrane organization in neurons, amyloid beta
formation and amyloid precursor protein (APP)
catabolism in microglia, astrocytes, and oligodendrocytes,
and axon maintenance processes regulated by OPCs.
Interestingly, all cell types in both SFG and ETC exhibit
a strong signature of repression, with 53-80% of pathways
showing downregulation. This consistent alteration
pattern across all cell types suggests a more pervasive
disruption of molecular processes in these regions
compared to the MTG. Moreover, a significant proportion
of processes (53% in the SFG and 55% in the ETC) were
perturbed either in neurons or a glial cell type, indicating
a trend toward broader AD-driven disruption of molecular
processes in the ETC and SFG (Fig. 3D-F). Indeed, top
differentially expressed pathways relevant to neuronal
functions, such as Ca®'-mediated signaling, Ca®" ion
transmembrane transporter activity, synaptic vesicle
endocytosis, synaptic transmission, neuronal synaptic
plasticity, and synaptic vesicle recycling, were
consistently downregulated across all cell types in the
SFG and ETC (Fig. 3B, C). These pathways were
predominantly downregulated in neurons, indicating that
neuronal dysregulation dominates the AD-driven pathway
alterations in the SFG and ETC. Concurrently, the
observed changes in non-neuronal cell types appear to be
closely associated with these neuronal perturbations.

To identify consistently perturbed processes across
the three brain regions, we assessed the overlap of
differentially perturbed pathways in a cell-type-specific
manner (Supplementary Fig. 2; see Supplementary Table
12 for full list of overlapping pathways [46]). We
observed considerable concordance of altered cellular
process across the three brain regions, with particularly
notable overlaps between the SFG and ETC, likely
reflective of reduced subject-specific variations.
Interestingly, excitatory and inhibitory neurons showed
the most pronounced concordance in disrupted processes
(Supplementary Fig. 2A), with 31 pathways in excitatory
neurons and 84 pathways in inhibitory neurons showing
consistent dysregulations across the three regions.
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Figure 3. Broadly dysregulated processes in AD. (A-C) Heatmaps representing select Gene Ontology biological processes
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dysregulation in multiple cell types, with red representing upregulation and blue for downregulation. Pathways discussed in the Article
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Alterations in inhibitory neurons include consistent
downregulation of VGCC activity across all regions, and
other key processes like Ca?" -regulated signaling and
exocytosis, potassium ion (K*) homeostasis, and
neurotransmitter  receptor maintenance. Excitatory
neurons, on the other hand, consistently expressed
disruptions in pathways related to mitochondrial
autophagy and Ca?*-dependent exocytosis, underscoring
the role of Ca? signaling in AD-associated cellular
perturbations (Supplementary Fig. 2B). In contrast, glial
cells exhibited less overlap in perturbations, with
microglia cells, showing the least concordance. This

suggests a broader spectrum of cellular disruptions and
region-specific sensitivities to microglial dysregulation in
AD. Among the affected processes were intracellular pH
regulation, mitochondrial autophagy, and
neurotransmitter receptor transport (Supplementary Fig.
2B). This variability among glial cells suggests a more
complex and region-specific landscape of glial
involvement in AD pathology.

Together, these findings elucidate the complex nature
of cellular responses to AD, demonstrating that the
cellular context in which AD manifests leads to markedly
divergent molecular perturbations. The observed cell-type
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and region-specific  perturbations  highlight the comprising the diverse molecular processes following AD
complexity inherent in the regulatory landscape pathogenesis.
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Figure 4. DEGs are underrepresented in perturbed gene programs (A-C) Circular heatmaps illustrating cell-type specific
dysregulation pattern of active genes amongst all perturbed pathways (unique and broad). Yellow and purple strips represent upregulated
and downregulated genes respectively (false discovery rate (FDR) < 0.01 and abs(logz(fold change)>0.25, n = 10 per brain region),
while grey regions represent non-DEGS, suggesting sparse presence of DEGs relative to total genes within the gene programs. (D-F)
Table showing number of DEGs in the gene programs comprising perturbed pathways in each cell type.

Unraveling AD-associated pathway alterations at
systems level

We next ask whether molecular perturbations at the gene
level are well represented in the biological processes
dysregulated in AD. To accomplish this, we estimated
cell-specific differences in gene expression between
individuals with AD-pathology and healthy controls
(Methods) and evaluated the enrichment of DEGs in
perturbed processes. Surprisingly, our results reveal that
only a small proportion of DEGs across all cell types (Fig.
4A-C) were associated with the gene programs (the
curated set of genes comprising a biological process)
implicated in the perturbed pathways earlier reported (Fig.
2 and 3A-C). Notably, among the three brain regions,
excitatory neurons in the ETC displayed the most, yet still
limited representation, with only 16% of the 3,279 gene
programs being DEGs (Fig. 4D-F). Neurons consistently
showed the most significant degree of DEG
representation with a combined 12% overlap in the MTG,

13% in the SFG, and 12% in the ETC. In contrast,
astrocytes and microglia demonstrated markedly lower
degree of DEG overlap, ranging from 0.5% to 13% across
the three regions. These findings illustrate a sparse and
varied representation of DEGs within perturbed
processes, suggesting that relying solely on DEG analysis
may not suffice to capture the full complexity of AD-
related molecular changes.

Given the sparse and varied distribution of the DEGs
within dysregulated processes, we sought to understand
the extent to which DEGs influence the AD-associated
perturbations at a systems-level. To achieve this, we
examined the potential regulatory networks and
overarching  differences  characterizing  pathway
disruption in AD across all cell types in these brain
regions. We interrogated co-expression networks
individually for each cell type in each brain region (Fig.
1, 5-8), identifying groups of genes (gene modules) with
high co-expression, suggesting potential co-regulatory
mechanism or convergent biological functions.
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Figure 5. Disease-associated gene modules in excitatory neurons using co-expression networks derived from AD-dysregulated
gene programs. (A-C) UMAP plot of the topological overlap matrix (TOM) illustrating neuronal co-expression networks constructed
from genes programs comprising dysregulated pathways in excitatory neurons in the (A) MTG, (B) SFG, and (C) ETC. Nodes represent
genes, color-coded by module membership, linked by edges depicting co-expression strength, with node size reflecting gene eigengene-
based connectivity (Methods). Top hub genes are annotated within each module, with bold labels and directional arrows indicating hub-
DEGs (hDEGS) as up- or down-regulated. Network visualization is simplified by edge downsampling for clarity. (D-1) Gene overlap
analysis showing overlap of DEGs (D, F, H) and AD-associated genes (Methods) (E, G, I) with genes within co-expression modules,
using Fisher’s exact test. An “X” indicates nonsignificant overlap (FDR > 0.05). (J-L) Lollipop plots representing the fold-change of
differential expression for Module Eigengenes (DMEs), with the dot size corresponding to the number of genes in the respective module.
An “X” overlays modules without statistically significant expression changes (FDR > 0.05). (M-O) Gene Ontology (GO) term
enrichment within differentially expressed co-expression modules. Bar plots illustrate the log-scaled enrichment scores; blue arrows
indicate downregulated, and red arrows indicate upregulated processes.

Specifically, network construction was confined to
gene programs comprising earlier reported perturbed
pathways (Fig. 2,3) enabling a fine-grained exploration of
the molecular phenotypes governing the complex
polygenic perturbations characteristic of AD. Traditional
co-expression analysis methods developed for bulk
transcriptomic data are not well suited to handle the
inherent sparsity and noise in single-cell data [56, 57]. As
a result, inferred networks are prone to spurious gene-
gene correlations, thereby complicating the extraction of
meaningful systems-level insights [58]. To overcome
these limitations, we estimate the gene-gene co-
expression using hdWGCNA [31], a framework for co-
expression network analysis tailored specifically for
scRNA-seq data. hdWGCNA accounts for these
considerations by aggregating highly similar cells into
"metacells”, allowing for more accurate co-expression
estimations, and facilitating the extraction of meaningful
systems-level insights while preserving cellular diversity.

Neuron-specific co-expression signatures in AD

Using hdWGCNA, we obtained a collection of gene-gene
co-expression relationships across neuronal cells in each
brain region (Fig. 5 and 6A-C). Specifically, in the MTG,
we identified 6 distinct excitatory co-expression modules
(referred to as EXC-M1 to EXC-M6) (Fig. 5A) and
inhibitory modules (INH-M1 to INH-M6) (Fig. 6A).
Since functional insights within a co-expression network
often stems from a selected set of nodes possessing high
centrality (called hub genes), we reasoned that these hub
genes are likely to play pivotal roles in cellular functions
due to their extensive network interactions [31, 59, 60].
The network plots highlight the top hub genes within each
module, some of which exhibited differential expression
(hDEGs, where h indicates that the gene is both a DEG
and a hub gene; see Supplementary Table 13 for full list
of hub genes [46]).

Strikingly, in the MTG, our results show a
concentration of downregulated hDEGs in EXC-M1 (Fig.
5A) and INH-M3 (Fig. 6A), primarily associated with
cytosolic-localized RNA, such as MT-CO1, MT-ND3,
and MT-ATP8. These genes encode essential subunits for

oxidative phosphorylation in the electron transport chain,
consistent ~ with  previous  reports  highlighting
mitochondrial dysfunction, oxidative stress, and impaired
cellular metabolism as key processes perturbed during
AD pathogenesis [61]. Similarly, we identified hDEGs in
INH-M4 (Fig. 6A) and EXC-M3 (Fig. 5A), including
members of the calmodulin gene family CALM2 and
CALM3, recognized as regulators of intracellular Ca?*
signaling, with vital roles in synaptic processes. Previous
studies have linked these hub genes to AD (Liu et al.,
2020; Morabito et al., 2020; Wang et al., 2010), further
substantiating the central role of Ca?* signaling
dysregulation in hippocampal AD pathogenesis, in
accordance with the Ca?* hypothesis of AD [62, 65].
Furthermore, additional hDEGs were distributed
across three excitatory neuron co-expression modules
(EXC-M2, EXC-M5, EXC-M6) (Fig. 5A). Among these
is the upregulated WASF1 in EXC-M5 (Fig. 5A), with a
distinct regulatory role in actin assembly. Notably,
downregulation of WASF1 has been linked to substantial
reduction of amyloid levels within the hippocampus,
indicating a negative feedback mechanism involving the
APP intracellular domain—WASF1 pathway [66]. The
upregulated PIAS1 (EXC-M5), a known modulator of
striatal transcription and DNA damage repair during
SUMOylation, comprises critical parts of diverse cellular
processes associated in neurodegenerative diseases like
Huntington's disease, Parkinson's disease, and AD [67].
Interestingly, PIAS1 overexpression was found to inhibit
several AD marker genes such as NEUROD1, NEUN,
MAPK2, GSAP, MAPT, and APP [68]. Likewise, the
downregulated ZEB1 expressed in EXC-M6 (Fig. 5A)
underscores the role of transcriptional repression in
regulating AD-associated correlations between accessible
chromatin peaks and target genes [69]. We next
interrogated the distribution of DEGs and known AD-
related genes using a comprehensive gene compendium
from the Open Targets Platform [53], KEGG Alzheimer’s
disease pathways [54], and Harmonizome [55] (Fig. 5 and
6D-1). Overlap analysis of modules in the MTG
(Methods) revealed that, while up to 50 DEGs were
distributed across excitatory and inhibitory co-expression
modules, only EXC-M3 (Fig. 5A) exhibited significant
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enrichment for DEGs (Fig. 5D). Notably, three associations of DEGs and AD-related genes, suggesting
modules—EXC-M3, EXC-M6, and INH-M4—showed intricate and dynamic transcriptional changes within co-
significant enrichment for AD-related genes (Fig. 5 and  expression modules and their potential relevance to AD
6D, E). These results underscore the module-specific  pathogenesis.
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Figure 6. Disease-associated gene modules in inhibitory neurons using co-expression networks derived from AD-
dysregulated gene programs. (A-C) UMAP plot of the TOM illustrating neuronal co-expression networks constructed from genes
programs comprising dysregulated pathways in inhibitory neurons in the (A) MTG, (B) SFG, and (C) ETC. Nodes represent genes,
color-coded by module membership, linked by edges depicting co-expression strength, with node size reflecting gene eigengene-
based connectivity (see Methods). Top hub genes are annotated within each module, with bold labels and directional arrows
indicating hDEGs as up- or down-regulated. Network visualization is simplified by edge downsampling for clarity. (D-1) Gene
overlap analysis showing overlap of DEGs (D, F, H) and AD-associated genes (Methods) (E, G, I) with genes within co-expression
modules, using Fisher’s exact test. An “X” indicates nonsignificant overlap (FDR > 0.05). (J-L) Lollipop plots representing the
fold-change of DMEs, with the dot size corresponding to the number of genes in the respective module. An “X” overlays modules
without statistically significant expression changes (FDR > 0.05). (M-O) GO term enrichment within differentially expressed co-
expression modules. Bar plots illustrate the log-scaled enrichment scores; blue arrows indicate downregulated, and red arrows

indicate upregulated processes.

Additionally, we identified several AD-related hub
genes distributed across excitatory and inhibitory co-
expression modules (Fig. 5 and 6A). For instance, hub
genes in EXC-M3 (Fig. 5A) included AD-associated
genes HSP90AA1L, HSP90AB1 which have been linked to
protein misfolding, chaperoning, autophagy, apoptosis,
and stress response—processes central to the
dysregulation of protein integrity implicated in AD
pathogenesis [70-72]. Likewise, the presence of
PPP1IR12A in EXC-M5 (Fig. 5A) highlights its
significance in the context of tau hyperphosphorylation
and NFT formation, a hallmark of AD [73].

Interestingly, EXC-M2 (Fig. 5A) expressed RORB, a
classical marker of selectively susceptible excitatory
neurons [20], while RYRZ2, expressed in EXC-M6 (Fig.
5A), regulates Ca®" homeostasis and neuronal activity,
which is central to normal cognitive function [74-76].
INH-M4 (Fig. 6A) was enriched with key AD-related
genes including GAPDH, CLU, and FTH1, involved in
oxidative stress, amyloidogenesis, elevated cytotoxicity,
and iron dysregulation, processes associated with AD
progression. [77-80]. Similarly, INH-M6 (Fig. 6A)
contained DPP10, known to influence K* channel activity
and exhibit pronounced reactivity in the vicinity of NFTs
and plaque-associated dystrophic neurites [81]. Next, we
compared system-level differences in gene expression
between AD and control groups using differential module
eigengene (DME) analysis (Methods) (Fig. 5 and 6 J-L)
[31]. DME analysis of MTG derived neuronal modules
revealed marked differences in the magnitude and
direction of module expression from control to AD (Fig.
5 and 6J) (Wilcoxon rank-sum test Bonferroni-adjusted p
<0.05; Supplementary Tables 9-11 [46]). These results
suggest that AD-induced alterations in systems-level gene
expression changes reflect either an enhancement of or
decline in the functionality of co-regulated gene networks
[82, 83]. Interestingly, all four down-regulated modules
(Fig. 5 and 6J) (EXC-M3, EXC-M4, EXC-M5, INH-M4),
exclusively comprised downregulated hDEGs (Fig. 5 and
6A). Conversely, upregulated modules (Fig. 5 and 6J)
solely contained upregulated hDEGs (Fig. 5 and 6A),
suggesting a pivotal role for hDEGs in perturbation of co-
expression networks that characterize AD-related

biological processes. Unsurprisingly, the downregulated
excitatory module, EXC-M1, (Fig. 5J), enriched for
mitochondrial-related hDEGs (Fig. 5A), was distinctively
associated with differentially expressed pathways pivotal
for numerous cellular processes and developmental
functions (Fig. 5M). These include the regulation of
development, assembly of the beta-catenin-TCF complex,
protein acetylation, neural tube closure, mitochondrial
organization and distribution, TORC1 signaling,
chromatin alterations, protein acylation, and peptidyl-
serine phosphorylation (Fig. 5M). Similarly, INH-M3
(Fig. 5A) was associated with genes that contribute to
RNA processing, energy synthesis and metabolism, and
protein stability (Fig. 6M) and was upregulated in AD
(Fig. 6J). Moreover, other dysregulated modules (Fig. 5
and 61) were found to be enriched for genes associated
with a variety of biological processes crucial for normal
neuronal functions, including synapse assembly (EXC-
M2 & EXC-M®), vesicle transport (EXC-M3, EXC-M4,
EXC- EXC-M7, EXC-M10, EXC-M13), Ca*
transmembrane transport (EXC-M3, INH-M4), and
synaptic vesicle exocytosis (INH-M2), which have been
previously implicated in AD pathophysiology (Fig. 5 and
6M).

Co-expression analysis of neuronal cells in the SFG,
resulted in a total of 12 excitatory and inhibitory modules
(Fig. 5 and 6B). Interestingly, EXC-M1 and M3 were
significantly enriched in AD-associated genes and DEGs
(Fig. 5F, G). Consistent with our observations in the
MTG, AD-related hDEGs in the downregulated EXC-M1
(Fig. 5K), include SNAP25, NRGN, THY1, and RTNS3,
which are implicated in various processes central to AD
pathophysiology, including synaptic neurotransmission,
synaptic plasticity, synaptic signaling, immune response,
neuron development, and endoplasmic reticulum (ER)
morphology and function (Fig. 5N). Moreover, EXC-M2,
though upregulated in AD (Fig. 5K), was associated with
synaptic function, neuronal development, and signal
transduction (Fig. 5N). A hub gene identified in EXC-M2,
PDE4D, has been previously shown to result in
abnormalities in the topological organization of functional
brain networks [84]. As a phosphodiesterase, PDE4D
plays a pivotal role in regulating cAMP dynamics in
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neurons and glial cells [85], which ultimately influence

memory formation and neuroinflammation [84, 86].
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Figure 7. Disease-associated gene modules in astrocytes using co-expression networks derived from AD-dysregulated gene
programs. (A-C) UMAP plot of the TOM illustrating glial co-expression networks constructed from genes programs comprising
dysregulated pathways in astrocytes in the (A) MTG, (B) SFG, and (C) ETC. Nodes represent genes, color-coded by module
membership, linked by edges depicting co-expression strength, with node size reflecting gene eigengene-based connectivity (see
Methods). Top hub genes are annotated within each module, with bold labels and directional arrows indicating hDEGs as up- or
down-regulated. Network visualization is simplified by edge downsampling for clarity. (D-1) Gene overlap analysis showing
overlap of DEGs (D, F, H) and AD-associated genes (Methods) (E, G, 1) with genes within co-expression modules, using Fisher’s
exact test. An “X” indicates nonsignificant overlap (FDR > 0.05). (J-L) Lollipop plots representing the fold-change of DMEs, with
the dot size corresponding to the number of genes in the respective module. An “X” overlays modules without statistically
significant expression changes (FDR > 0.05). (M-O) GO term enrichment within differentially expressed co-expression modules.
Bar plots illustrate the log-scaled enrichment scores; blue arrows indicate downregulated, and red arrows indicate upregulated

processes.

We noted GAP43, expressed in EXC-M3, whose
elevated expression is recognized as a marker for tau and
amyloid-driven pathologies. GAP43 also has a significant
role in neural cell development, axonal sprouting, and
regeneration [87—-89]. We also found enrichment of other
AD-associated genes that have been prioritized as target
genes in AD such as LINGO1 (EXC-M1) [90], NRGN
(EXC-M1) [91], ADGRB3 (EXC-M2) [92], and RTN4
(EXC-M3) [93]. This supports the notion that hub genes
in these co-expression modules of the SFG are indicative
markers of pathway dysregulation in excitatory cells in
AD.

A total of 6 inhibitory modules were significantly
enriched for DEGs or AD-related genes (Fig. 6F, G). In
contrast to our observation in excitatory cells (Fig. 5F, G),
none of these modules displayed simultaneous enrichment
for both DEGs and AD-related genes (Fig. 6F, G). We
observed a consistent pattern—either upregulation or
downregulation—in the directionality of the hDEGs
within their respective modules (INH-M1, INH-M2, INH-
M4, INH-M6, INH-M8, and INH-M9) (Fig. 6B).
Surprisingly, and contrary to observations in the MTG
(Fig. 5 and 6A), all hDEGs in both excitatory and
inhibitory networks were counter-directional to the
differentially expressed module eigengenes (DMEs) (Fig.
5 and 6B). This finding emphasizes the central role of
hDEGs in the dysregulation of co-expression networks
within AD-related pathways and suggests a robust region-
specific association between hDEGs and module
dysregulation. Notably, upregulated hDEGs such as
SNAP25 and DNML1 in the INH-M2 (Fig. 6B), play
critical roles in regulating synaptic vesicle fusion and
recycling [94, 95]. Also, PKM, which is upregulated in
INH-M1 (Fig. 6B) and is involved in glycolysis, is
associated with aberration role in the regulation of
metabolism and synaptic function in AD (Fig. 6N) [96—
98]. Moreover, the presence of upregulated PSAP in INH-
M1 (Fig. 6B), underscores its role in lysosomal
catabolism of glycosphingolipids (Fig. 6N) [99], and
further highlights its significance in lysosomal
dysfunction and neuronal survival in AD [100]. We also
observed enrichment of other key AD-related hub genes,
particularly those regulating synaptic function in INH-M5

and INH-M4 (Fig. 6B, N). These include DLG1, a hDEG
in INH-M4, DLG2, GRIA2, NLGN1, and NRXN1, in
INH-M5 [101]. Similar to the enrichment of RNA
processing observed in EXC-M3, we detected a
significant presence of ribosomal related genes in INH-
M6, notably the downregulated hDEGs RPL6 and RPL10
(Fig. 6B, N). These genes are critical for protein synthesis
and have been linked to regulation of metal ion
homeostasis and cell death in AD [101-103].
Interestingly, we observed a recurring theme in the
neuronal co-expression networks in the ETC (Fig. 5 and
6C). hDEGs identified in the SFG, including SNAP25,
DNM1, CHN1, and DNM1 were also found to be hDEGs
in EXC-M1 and INH-M1 in the ETC (Fig. 5 and 6C). In
the same vein, all hDEGs across EXC-M1 and INH-M1
exhibited opposing directionality compared to the DMESs
(Fig. 5 and 6C, L). Additionally, other AD-related hub
genes were found to be shared across excitatory modules
in both brain regions (Fig. 5B, C). These genes, including
GRIN2A, NLGN1, NRXN1, and SLC6A1, play critical
roles in synaptic formation, function, signaling, and
plasticity. Notably, the heat shock protein HSP90OABL1,
essential for protein folding, was also identified as an AD-
related hub gene shared among the excitatory modules.
Similarly, we identified shared inhibitory hub genes with
relevance to AD, such as CALM1, HSP90AA1, PDE4D,
NRXN1, and RTN3. These genes assume particular
significance in the perturbation of biological processes in
AD due to their involvement in Ca?" signaling, tau
pathology, synaptic function, CAMP modulation, protein
aggregation, and neurotransmission.  Furthermore,
analysis of DME patterns across the three brain regions
revealed a unique relationship between gene co-
expression modules and associated pathways (Fig. 5 and
6J-0). Remarkably, dysregulated modules exhibited a
predominant enrichment for pathways perturbed in a
specific direction. For instance, across excitatory and
inhibitory modules in the ETC, the top enriched pathways
were either consistently downregulated (EXC-M1, EXC-
M3, and INH-M1), consistently upregulated (EXC-M2
and INH-M2), or predominantly downregulated (EXC-
M5) (Fig. 5 and 60). Interestingly, while certain DMEs
displayed opposing dysregulation patterns relative to their
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corresponding enriched pathways, others demonstrated
concordant dysregulation with enriched processes (Fig. 5
and 6J-0).
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Figure 8. Disease-associated gene modules in microglia using co-expression networks derived from AD-dysregulated gene
programs. (A-C) UMAP plot of the TOM illustrating glial co-expression networks constructed from genes programs comprising
dysregulated pathways in microglia in the (A) MTG, (B) SFG, and (C) ETC. Nodes represent genes, color-coded by module
membership, linked by edges depicting co-expression strength, with node size reflecting gene eigengene-based connectivity
(Methods). Top hub genes are annotated within each module, with bold labels and directional arrows indicating hDEGs as up-
or down-regulated. Network visualization is simplified by edge downsampling for clarity. (D-1) Gene overlap analysis showing
overlap of DEGs (D, F, H) and AD-associated genes (Methods) (E, G, I) with genes within co-expression modules, using Fisher’s
exact test. An “X” indicates nonsignificant overlap (FDR > 0.05). (J-L). GO term enrichment within differentially expressed co-
expression modules. Bar plots illustrate the log-scaled enrichment scores; blue arrows indicate downregulated, and red arrows
indicate upregulated processes. (M-O) Lollipop plots representing the fold-change of DMEs, with the dot size corresponding to
the number of genes in the respective module. An “X” overlays modules without statistically significant expression changes

(FDR > 0.05).

Taken together, these findings highlight the centrality
of hDEGs and other AD-associated hub genes in
orchestrating neuronal perturbations underlying the
biological processes disrupted in AD. Hub genes
identified within these networks shed light on the
mechanisms of synaptic function, protein folding, and
signaling that are significantly perturbed in neurons in
AD. Furthermore, the alignment between dysregulated
modules, enriched pathways, and hDEGs reinforces the
notion of AD as a systems disease, characterized by
tightly linked alterations in gene networks and their
associated functional pathways.

Glial-specific co-expression signatures in AD

To conceptualize the AD-driven systems-level
perturbations in glial cells, we next probed the astrocyte
(AST-M) and microglia (MIC-M) co-expression modules
(Fig. 7 and 8). Contrary to the previously characterized
neuronal co-expression patterns in the MTG (Fig. 5 and
6D, E), we observe that only one glial module, MIC-M5
(Fig. 8A), displayed significant enrichment for DEGs, and
notably, was the only module containing hDEGs (Fig. 7A,
B, C, F, G, H). This suggests a potentially limited role of
DEGs in orchestrating systems-level differences in glial
cells. While all astrocyte and microglia modules that
displayed significant dysregulation in AD (Fig. 7 and 8J),
contain AD-related hub genes (Fig. 7 and 8A), only AST-
M3 and AST-M1 were predominantly enriched for AD-
associated genes (Fig. 7E). Specifically, AST-M1,
upregulated in AD (Fig. 71), contained critical hub genes
such as the glial high-affinity glutamate transporter,
SLC1A2, a gene linked to altered glutamate homeostasis
in AD and fundamental for preventing excitotoxicity in
astrocytes and neurons [104, 105]; SLC4A4, a key
regulator of neuronal pH homeostasis; and others
including GPM6A, STXBP5, CACNB2, and ERBB4,
which play roles in neurodevelopment, synaptic function
and plasticity [106-110]. Furthermore, AST-M2, which
was upregulated in AD, contained hub genes linked to
processes such as intracellular protein recycling
(RAB11FIP3), immune response regulation, neuronal
development, synaptic plasticity (ILLRAPL1, PTPRD),

synaptic vesicle release (RIMS2, SYT1), and Ca?'
signaling (RYR2) (Fig. 7A). Conversely, the
downregulated astrocyte module M3 (Fig. 7J) was
enriched for stress-response genes including heat-shock
genes (HSPA1A, HSPAILB), and genes critical for
extracellular matrix organization and cellular adhesion
(VCAN, CD44) (Fig. 7A).

Remarkably, hub genes in MIC-M2 included
classical markers of DAM, such as APOE, B2M, CST3,
and CD@81, along with genes involved in RNA and
ribosomal processing (RPS27A, RPS15, RPS19, and
RPS28) (Fig. 8A). This supports the notion that system-
level upregulation observed in MIC-M2 is linked to the
dysregulated immune response and activation of
phagocytic states in microglia. Indeed MIC-M2 displayed
enrichment for processes related to microglial
inflammatory activation, including pathways like
I-kappaB kinase/NF—kappaB signaling, ER stress
response regulation, and ER—induced apoptotic signaling,
along with modulation of adenylate cyclase activity and
mitochondria autophagy (Fig. 8M). Similarly, hub genes
in MIC-M5 were primarily associated with lipid
processing and immune response (Fig. 8A). These
included genes such as GPNMB, LRRK2, MITF,
ABCA1, STARD13, ZBTB16, and PRKAG2. Notably,
GPNMB, a critical regulator of microglial activation and
neuroinflammation, has been demonstrated to stimulate
the production of pro-inflammatory cytokines, thus
contributing to the inflammatory cascade observed in AD
[111-114]. Further reinforcing the activated state of
microglia, MIC-M4 contained critical hub genes like
PICALM, which governs clathrin-mediated endocytosis
and is fundamental to A clearance [115, 116]; DOKC2,
a key regulator of Rho GTPase activation, which are
essential components in immune cell trafficking and
microglial mobility [117, 118]; and TAB2, a multi-
functional adaptor protein involved in multiple cellular
stress response pathways including TGF-beta and NF-
kappaB signaling. Conversely, MIC-M3 and MIC-M1
were significantly downregulated (Fig. 8J) in AD and
contained hub genes involved with protein folding, stress
response, intracellular signaling, signal transduction, and
synaptic function (Fig. 8A, M). Particularly, NLGNL1 in
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MIC-M1, which is critical for the formation and
maintenance of synapses, emphasizes the role of
microglia in synaptic pruning and modulating neuronal
connectivity. Additionally, the presence of RYR2 and
PLCB1 in MIC-M1 suggests a crucial role for Ca?* -
mediated  signaling  pathways in  modulating
neuroinflammation and phagocytic activity of microglia.

Co-expression analysis of astrocyte and microglial
gene programs in the SFG revealed 6 distinct modules
(Fig. 7 and 8A). Strikingly, DME analysis revealed that
all astrocyte and microglia modules are downregulated in
AD (Fig. 7 and 8K), consistent with the predominant
pattern of pathway downregulation observed in SFG (Fig.
2E). This reinforces the link between gene co-expression
networks and the orchestration of functional perturbations
of biological processes in AD. Surprisingly, AST-M2
emerged as the only module exhibiting significant
enrichment for AD-associated genes and DEGs (Fig. 7
and 8F, G), implying a critical role for AST-M2 in
orchestrating astrocytic function in the context of AD.
Specifically, AST-M2 contained several AD-associated
hub genes with distinct functional relevance. For instance,
SYT1, a key regulator of synaptic vesicle exocytosis and
neurotransmitter release [119], and LINGO1 associated
with the perturbation of neural growth and AD-associated
myelination defects in AD [90], are hub genes in AST-
M2. In addition, ATP1A2, a gene essential for astrocytic
regulation of neuronal excitability via the maintenance of
\ K" and Na* homeostasis [120], was also identified as a
hub gene in this module. Other hub genes included GLUL,
essential for astrocytic clearance of synaptic glutamate
[121], and PSAP, an upregulated hDEG, implicated in
dysregulation of lysosomal function and lipid metabolism
in AD [100, 122]. Notably, classical markers of reactive
disease associate astrocytes (DAA), CST3 and CLU, were
also hub genes in AST-M2, known for their involvement
in the clearance and accumulation of A [26]. Indeed, GO
term enrichment revealed a robust array of biological
processes governed by AST-M2, including maintenance
of synaptic plasticity, signaling cascades, neuronal growth
and repair, intercellular communication, and AP
aggregation and clearance (Fig. 7N). This spectrum of
functions effectively contextualizes the role of AST-M2
in the astrocyte-mediated maintenance of synaptic
function and overall neuronal health, thus highlighting the
integral role of neuron-glial crosstalk in the perturbation
of the functional dynamics underpinning AD-related
processes [123-125]. We also found enrichment of genes
associated  with  synaptic  organization,  cellular
communication, energy metabolism, and development of
neural structures in AST-M1 and AST-M3 (Fig. 7B).
Indeed, hub genes in these modules play crucial roles in
AD-associated process, including FYN in AST-M3,
implicated in abnormal phosphorylation of tau protein and

mediation of AP toxicity [126, 127]. Additionally,
MAPK10, a hub gene in AST-M1, is essential for
signaling pathways that regulate various cellular
processes, including synaptic plasticity, neuronal
survival, and apoptosis [128-130].

Consistent with our findings in the MTG, the
microglial networks in the SFG also contained hub genes
involved in a variety of processes relevant to both AD and
microglial activation (Fig. 8B). Hub genes in MIC-M1
included SPP1, NAIP, LINGO1, LRP4, TBC1DS5,
reflecting the enrichment for immune response, synaptic
maintenance, and overall neuronal function (Fig. 8B, N).
Notably, SPP in MIC-ML1 is integral for the regulation of
phagocytic markers, thus playing a vital role in synaptic
engulfment in the presence of AP [131]. Also involved in
the regulation of autophagy is TBC1D5, a hub gene in
MIC-M1, functioning as a molecular switch for
membrane  trafficking between endosomal and
autophagosomal pathways [132]. MIC-M2 featured hub
genes SORL1 and B2M, both implicated in a variety of
AD-related processes such as trafficking of APP and
resultant amyloidosis in AD [133-137]. These genes
further underscore the role of endolysosomal—
autophagic network in regulating microglial activation
[138]. Additionally, MIC-M3 displayed enrichment for
processes including synaptic assembly and axon
development, consistent with the presence of hub genes
MBP, PLP1, and PTPRD. This observation also
underscores the notion that microglia, while often
characterized primarily by their role in immune response
in AD, also engage an array of processes vital for
maintaining neuronal integrity, such as neural
development, synaptic organization, myelin formation
and maintenance.

Glial co-expression patterns in ETC are similar to
those observed in the SFG (Fig. 7 and 8C). Remarkably,
all astrocytic and microglial modules in the ETC exhibited
downregulation in AD (Fig. 7 and 8L) and were mostly
enriched for downregulated pathways (Fig. 7 and 80),
reinforcing the prevailing theme of pathway
downregulation witnessed in the ETC (Fig. 2E). AST-M1
in the ETC exhibited considerable concordance with
AST-M2 in the SFG, with hub genes CLU, CST3, and
APOE, reflecting the DAA signature (Fig. 7C). However,
no microglia module showed significant enrichment for
hub genes signaling activated microglia state (Fig. 8C).
AST-M1 remained the only module demonstrating
significant enrichment for both DEGs and AD-related
genes (Fig. 7H, 1). Consistent with previous observation
in the SFG, this highlights a pivotal role for the observed
co-expression patterns in regulating astrocytic functions
in the context of AD. Additional astrocyte hub genes in
the ETC, including NRXN1, CADM1, MACF1, MAGI2,
LRP4, GJALl and ADGRL3, have been identified as
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markers of a reactive astrocyte state, implicating them in
amyloidosis, regulation of neuroinflammation, cellular
interactions (Dai et al., 2023). Notably, cellular adhesion
hub genes, CADMI and NRXN1, have been previously
noted as critical for maintaining the synaptic integrity and
are hypothesized to contribute to excitotoxicity by
impairing the function of reactive astrocytes in the
regulation of extracellular ion balance, pH, and glutamate
concentration [140-142]. We also identified a compelling
cross-regional consistency with the identification of
shared hub genes—ANK2, ATP1A2, CLU, CST3,
ERBB4, FMN2, GPM6A, LINGO1, LRP4, MACF1,
MAGI2, SLC26A3, and SORBS1—bhetween the ETC and
SFG modules (Fig. 7B, C). Given the data for both regions
were obtained from the same cohort, these hub genes
emerge as potential brain-wide markers for astrocytic
reactivity in AD. Likewise, shared microglia hub genes
include CHST11, FKBP5, GNAQ, ITPR2, LINGO1,
MEF2A, MEF2C, NAV3, and TBC1D5 (Fig. 8B, C),
revealing complex interplay of functional involvements,
including extracellular matrix modification, G-protein
signaling, and intracellular Ca?* regulation.

These results provide a robust systems-level
perspective on the functional diversity within astrocyte
and microglial modules in AD. We identified specific
modules in these glial cell types that exhibit perturbations
and are enriched for glial-specific processes and hub
genes, yet notably did not prominently feature hDEGs.
This suggests that the pathophysiological mechanisms in
astrocyte and microglia may rely more on the
dysregulation of gene networks and associated pathways
rather than isolated gene perturbations. For instance,
microglial modules, such as MIC-M2 and MIC-M4 in the
MTG, primarily feature non-DEGs linked to DAM
activation and microglial inflammatory responses. This is
complimented by the functional downregulation observed
in MIC-M3 and MIC-M1, which, despite a lack of
enrichment for DEGs, feature genes crucial for protein
folding, cellular stress response, and synaptic
maintenance. Likewise, astrocyte modules, though not
enriched with hub-DEGs, display a spectrum of AD-
related alterations peculiar to astrocytic functions, from
glutamate homeostasis to intracellular protein recycling
and stress response. Together, our results offer a robust
framework for appreciating the role of genes in glial
alterations associated with AD, extending beyond
differential gene expression profiles to the broader
systems-level interplay of gene interactions underpinning
AD pathogenesis.

Conserved molecular
dysregulation:

drivers underlying pathway

Our analysis reveals pronounced modular heterogeneity
and extensive functional disruptions in neurons and glia
across the brain regions. To further identify potential
common drivers directing these pathway perturbations
across regions, we examined recurrent hub genes within
each cell type (Supplementary Table 14 [46]). Excitatory
neurons showed substantial overlap of hub genes mostly
participating in Ca?* regulation, autophagy, proteostasis,
cell-cell adhesion, neuronal cell death, and synapse
regulation. Notably, most of these hub genes were non-
DEGs in at least one brain region yet are AD-related and
co-expressed in similar modules across all three regions.
This further reinforces the notion that coordinated
dysregulation of genes within a module, rather than
changes in select individual genes, may promote pathway
perturbations. Particularly, 6 hub genes—ACTB,
CALM1, CALM2, GAPDH, HSP90AB1, and UCHL1—
consistently belong to the same module in each brain
region. Given their known roles in Ca?* signaling, protein
homeostasis, and neuronal apoptosis, these genes likely
serve as region-wide orchestrators directing alterations in
neuronal pathways fundamental for normal function.
Inhibitory neurons demonstrated comparable overlap of
non-differentially expressed hub genes participating in
Ca?*-mediated signaling and synaptic transmission. As
with excitatory neurons, the majority of these hub genes
are AD-related and co-expressed in the same module,
including CALM1, HSP90AA1, PDE4D, and NRXNL1.
Their function in regulating critical neuronal processes
likely positions them as potential conserved mediators of
pathway disruptions.

Among glial cells, microglia exhibited the highest
hub gene overlap consisting of GNAQ, MAMLS3,
MEF2A, MTHFDLL, and TGFBR1. These genes govern
an array of processes critical for microglial activation,
including inflammation, immune responses, and signaling
cascades, potentially indicating conserved mechanisms
underlying microglial reactivity across brain regions
affected in AD. Likewise, the only overlapping astrocytic
hub genes, ERBB4 and GPMG6A, assume extensive roles
in pathways related to neuroinflammation and synaptic
dysfunction.

Overall, our analysis of recurrent hub genes points to
potential conserved orchestrators of pathway disruptions
across brain regions in AD. Experimental validation of
these predictions remains vital to firmly establishing their
functional significance. Nonetheless, our multi-region
analysis provides a foundation to guide future
investigations into common mechanisms directing AD
pathogenesis.
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DISCUSSION

Here, we leverage pathway activity and gene co-
expression analyses to delineate the complex, systems-
level alterations that characterize AD neuropathology.
While scRNA-seq has been pivotal in revealing the
molecular signatures of AD, much emphasis has been
placed on differentially expressed genes without a
comprehensive examination of the role and functional
interconnectivity among these genes in biological
processes across brain regions and cell types. This
limitation largely renders associated studies insufficient
for capturing the complexity of AD as a systems disease.
Utilizing snRNA-seq data profiled from postmortem brain
samples of the middle temporal gyrus, superior frontal
gyrus, and entorhinal cortex, we reveal an intricate
dynamics of perturbed gene networks underpinning the
pathology in both neuronal and glial cell types.

The pathophysiological landscape of AD is distinctly
marked by cellular and regional heterogeneity, as
demonstrated in this study. In the MTG, for instance, AD-
induced dysregulations in synaptic functions were
significantly more prevalent in neurons compared to glial
cells, corroborating previous findings that implicate
synaptic dysfunction as a key pathological feature of AD
[10]. Additionally, our observations of unique pathway
dysregulations in glial cells in the MTG contribute to the
emerging discourse on the role of glial cells in mediating
synaptic impairment in AD etiology [143-145]. In the
SFG and ETC, we detect a broad downregulation of
molecular pathways across multiple cell types, suggesting
a more advanced and pervasive pathological state. This is
consistent with the known sequential propagation of AD-
related pathology across different brain regions [146,
147]. Interestingly, Ca?* signaling emerged as a shared
hub of dysregulation but manifests variably among cell
types and regions, underlining opportunities for cell type-
and region-specific interventions. This is of considerable
interest as Ca®* homeostasis is critical for various cellular
functions and its disruption has been considered central to
AD pathogenesis [62]. We argue that such cellular and
regional specificity could not only serve as unique
biomarkers for disease states but may also be exploited for
targeted drug development.

A critical observation in our study is the limited
distribution of DEGs among the gene programs
comprising the perturbed pathways. This underscores the
limitation and inadequacy of conventional pathway
analyses or DEG-centric approaches in fully elucidating
the complex systems-level alterations characteristic of
AD. Thus, our work here expands upon traditional
differential expression analyses to capture intricate
interplay within gene co-expression networks. As a result,
we delineate AD-related hub genes within enriched co-

expression modules, implicating a range of biological
processes from cellular metabolism to oxidative stress and
Ca?* homeostasis. Such an expansive approach broadens
the spectrum of putative therapeutic targets and
underscores the necessity for systems-level intervention
strategies. Importantly, our results demonstrate that AD
inflicts a broad spectrum of functional perturbations of
gene co-expression across the three brain regions. This
heterogeneity in modular responses provides compelling
evidence that AD represents collective molecular
perturbations, encompassing a spectrum of disruptions
across neuronal and glial cells. Notably, we identify
distinct patterns of hub-DEGs in specific modules, with a
predominant distribution in both excitatory and inhibitory
modules, but markedly less presence in glial modules.
This pattern suggests that while DEGs have a substantial
impact on neuronal cells in the context of AD, their
influence on glial cells appears more limited. Given the
propensity of co-expression networks to operate as
integrated biological units, these findings lend support to
the hypothesis that DEGs exert a disproportionately
significant impact on neuronal dysfunction vis-a-vis the
broader systems-level perturbations characteristic of AD.

Our study revealed a significant degree of functional
heterogeneity among identified hDEGs. For instance, the
upregulated hDEGs, WASF1 and PIAS1 are associated
with actin assembly and DNA repair, respectively—
mechanisms  previously  implicated in  various
neurodegenerative conditions, including AD [66, 67].
Additionally, the downregulated ZEB1 points to the role
of epigenetic modifications, like accessible chromatin
peaks, in AD pathology [69]. We also identified certain
modules particularly enriched for known AD-related
genes, highlighting module-specific correlations with
AD-driven pathway alterations. Hub genes in these
enriched  modules, including HSP90AAl1 and
HSP90AB1, GAPDH, CLU, and FTH1, implies a
complexity that may signify both causative and reactive
changes in AD pathogenesis. Moreso, our analysis
revealed a prominent theme of mitochondrial dysfunction,
underscored by the downregulation of hDEGs such as
MT-CO1, MT-ND3, and MT-ATP8 in neuronal modules.
The presence of these hDEGs lends compelling credence
to the hypothesis that aberrations in mitochondrial
dysfunction, cellular metabolism, and oxidative stress are
key features of the AD pathological cascade [61].
Although similar findings were reported by Gabitto et al.
in a subset of severely affected donors, it is not unlikely
that this could be due to the presence of contamination by
cytoplasmic RNA. We also observed key hDEGs
belonging to the calmodulin gene family (CALM2 and
CALMB3) in neuronal modules. Given the well-established
role of these genes in regulating intracellular Ca®
signaling, this observation adds a new perspective to the
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Ca?* hypothesis of AD and is consistent with earlier works
implicating them in disrupted Ca?* signaling [13, 62—65].

Differential module eigengene analysis further
reinforced the notion that AD-associated perturbations
result in both upregulation and downregulation of gene
modules, consequently affecting a range of cellular
processes. This further illuminates the collective behavior
of genes within each module, emphasizing either an
enhancement or decline of the functional output of co-
regulated modules in AD. For instance, in the MTG, the
downregulated neuronal modules exclusively comprised
downregulated hDEGs and vice versa, implicating these
genes in the system-level disruptions of cellular
processes, which are essential for normal neuronal
functions. This exclusive alignment underscores a strong
functional coherence within these modules, suggesting
that these hDEGs could be critical regulators in the onset
and progression of AD, likely indicating a coordinated
modular response to AD. Remarkably, our findings show
intriguing patterns of interregional consistency and
complexity. Across all brain regions, dysregulated
modules exhibited a predominant enrichment for
pathways perturbed in a specific direction. Interestingly,
while certain DMEs displayed opposing dysregulation
patterns relative to their corresponding enriched
pathways, others demonstrated concordant dysregulation
with enriched processes. Moreover, we observe region-
specific counter-directionality of hDEGs in relation to the
DMEs in the SFG versus MTG.

Our analysis of glial co-expression signatures across
the brain regions elucidates the complex and dynamic
roles of astrocytes and microglia in AD. We observed that
only a single microglial or astrocyte module in each brain
region showed significant enrichment for DEGs and
reason that these modules represent critical functional
drivers of pathway dysregulation. Consistent with this, we
observed a significantly reduced number of hDEGs across
all glial modules, pointing towards a potentially
diminished role of DEGs in orchestrating glial-associated
systems-level differences in AD. Contrary to extant
narratives that largely assign a neuroinflammatory role to
glial cells, our data unveil robust enrichment for AD-
related genes involved in a range of biological processes,
from synaptic pruning and stress response to glutamate
homeostasis and Ca?" signaling. This suggests that
alterations in modular gene expression contribute
significantly to the pervasive involvement of glial cells in
AD. Specifically in microglia, we noted the critical role of
modules governing dysregulated immune responses,
phagocytic activities, and synaptic function. Such
findings underscore the multi-functionality of microglia
in AD, highlighting their involvement in preserving
neuronal integrity through synaptic maintenance, myelin
formation, and other mechanisms. Additionally, our

findings reveal the critical role of disease-associated glial
states in AD pathology. We observed that hub genes in the
AD-enriched glial modules were fundamentally
associated with reactive astrocyte and microglia states,
indicating that glial cells assume activated states due to
the complex systems-level interactions among these
genes.

Cross-regional analysis between the MTG, SFG, and
ETC, reinforced the theme of overall downregulation of
both astrocytic and microglial modules in AD, indicating
a prevailing trend of functional repression in these glial
cells. These observations collectively strengthen the
notion of AD as a systems disease, characterized by
tightly linked alterations in gene networks and their
associated functional pathways. We also notably
identified shared hub genes across these brain regions,
with more prominent overlap in neurons. These conserved
hubs likely orchestrate directing modular dysregulation
and pathway perturbations linked to critical neuronal
processes like Ca?* signaling, proteostasis, inflammation,
and synaptic function. Though not always differentially
expressed themselves, their coordinated behavior within
modules may underpin consistent pathway disruptions in
AD, presenting attractive targets for developing neuron-
specific therapies. Glial cells express more limited
overlap, but shared genes governing diverse glial
activation-related processes, potentially serving as brain-
wide markers for astrocytic or microglial reactivity for
disease staging and monitoring.  Nevertheless,
experimental validation remains essential to confirm the
role of these putative hub genes as conserved, causal
drivers of AD pathogenesis, and to translate these genes
into tangible clinical applications like novel diagnostics or
targeted therapeutics. In summary, integrated analyses of
cell type-specific co-expression modules across multiple
affected brain regions hold significant potential for
elucidating key network regulators and pathways that may
offer new therapeutic targets for AD.

It is important to note that the control of false
positives in differential pathway activity analysis may not
be as well-established as in DEG identification methods.
Although we have implemented stringent statistical
thresholds and compared our results with known AD-
associated pathways, we cannot entirely exclude the
possibility that some of the identified dysregulated
pathways may be false positives. Further research is
needed to develop robust methods for controlling false
positives in differential pathway activity analysis and to
elucidate the relationship between DEGs and differential
pathway activity in the context of AD.
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Conclusions

Our study provides a comprehensive systems-level
analysis of the pathway perturbations associated with AD
across multiple brain regions and cell types. Leveraging
SnRNA-seq data, we integrate pathway activity analysis
with WGCNA, revealing profound heterogeneity in the
dysregulation of biological processes in neurons and glia.
Synaptic dysfunction and dysregulated Ca?* signaling
emerging as convergent axes of pathogenesis.
Surprisingly, we observe limited overlap between DEGs
and disrupted gene programs, suggesting DEGs alone do
not adequately represent the collective modular
alterations driving AD pathology. Indeed, we demonstrate
that DEGs have a more pronounced role in driving
modular dysregulation in neurons compared to glial cells.
We also identified conserved hub genes across modules
and brain regions which offer potential brain-wide cell-
type-specific therapeutic targets and biomarkers. Overall,
these findings underscore the necessity of integrated,
systems-oriented models to fully capture the complexity
of molecular interactions underlying AD and other
polygenic systems neurodegenerative disorders.
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