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Abstract

Increasing prevalence of Alzheimer’s disease, driven by population aging, highlights the need to investigate its underlying
molecular mechanisms. Within this context, long non-coding RNAs (IncRNAs) have emerged as a key regulatory layer. To
advance the understanding of IncRNA dysregulation and function during Alzheimer’s disease progression, we reanalyzed
publicly available single-nucleus RNA sequencing (snRNA-seq) datasets. The selected transcriptomic datasets were inte-
grated and subjected to differential expression and genomic co-localization correlation analyses to infer putative cis-regu-
latory mechanisms. Our results reveal conserved cell-type composition and a shared transcriptional trajectory across brain
regions during Alzheimer’s disease progression. In contrast, IncRNAs displayed marked cell-type and context specificity and
formed coordinated expression patterns with neighboring genes within defined chromatin contexts. These associations suggest
potential cis-regulatory roles and implicate IncRNAs in processes such as synaptic plasticity and maladaptive oligodendrocyte
differentiation linked to myelin dysfunction. While these findings are primarily hypothesis-generating, they provide a cross-
regional framework and a prioritized set of candidate IncRNAs for future functional investigation in Alzheimer’s disease.
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Background

Alzheimer’s Disease (AD) is a chronic neurodegenerative
condition that affects more than 50 million people world-
wide and stands as the leading cause of cognitive decline and
dementia [1]. The molecular profile of AD is characterized
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by the dysregulation of hundreds of genes in several biologi-
cal processes, such as neural-immune system maintenance,
synaptic function, and metabolism, especially in cortical
brain cells [2].

The most accepted hypothesis explaining Alzheimer’s
neurodegeneration centers on the beta-amyloid (A) cas-
cade, in which the Amyloid Precursor Protein (APP) cleav-
age pathway leads to the abnormal accumulation of AP
[3]. However, it is known that other processes also occur
in parallel, such as neuroinflammation, blood—brain barrier
breakdown, synaptic loss, and the hyperphosphorylation
of microtubule-associated protein Tau (MAPT) [4]. Tau
pathology has special importance since the phosphorylated
Tau protein forms aggregates called neurofibrillary tangles
(NFTs), which support the disease staging. That is, accord-
ing to the spread profile of NFTs, we can classify AD pro-
gression into six levels, known as Braak stages [5].

Notably, AD pathology causes molecular and cellular
alterations even before any clinical symptoms, which are
more prevalent from Braak stage II on [6]. The noncoding
transcriptome, especially long noncoding RNAs (IncRNAs),
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has been widely investigated as one of the most important
gene expression regulators in the Central Nervous System
(CNS) context [7, 8]. Acting as both trans and cis-regula-
tors of gene expression, these molecules are essential for
thousands of physiological and pathological processes [9].
Cis-acting IncRNAs, which compose a substantial fraction
of IncRNAs in the cell nucleus, modulate gene expression
dynamics by diverse mechanisms, such as recruitment of
chromatin remodeling proteins and targeting DNA regula-
tory loci [10].

Concerning AD pathology, most studies have focused on
individual IncRNA interactions with known targets involved
in the disease. For example, BACEI-AS (BACE1 Antisense
RNA) is an intronic antisense transcript produced by the
gene locus of p-secretase, the enzyme that promotes the
cleavage of APP in the AP pathway [11]. This approach also
fails in elucidating the heterogeneous expression of IncR-
NAs within cell subtypes, which has already been explored
in protein-coding genes-focused studies through single-cell
transcriptomics [12, 13].

There is a notable lack of studies addressing the multi-
faceted dynamics of IncRNA activity across brain regions,
cell types, and disease stages. This limitation hampers our
understanding of the role of IncRNAs not only in AD patho-
genesis but also in adaptive cellular responses for counter-
acting neurodegeneration. Consequently, this study aimed
to characterize IncRNA dynamics in silico across the mul-
tifactorial landscape of AD progression within the human
cerebral cortex at the single-cell resolution level.

Methods
Transcriptomic Data Curation and Selection

Single-nucleus transcriptomic datasets were obtained from
the NCBI Gene Expression Omnibus (GEO) using the
search terms “scRNA”, “AD”, and “human brain”. Three
postmortem cortical regions from male human donors were
analyzed: the prefrontal cortex (PFC), the superior fron-
tal gyrus (SFG), and the entorhinal cortex (EC). The SFG
dataset (GSE147528) included ten individuals (Braak O,
n=73; Braak II, n=4; Braak V-VI, n=3). The EC dataset
was derived from the same donors [14]. The PFC dataset
(GSE157827) was restricted to male individuals because
female samples were unevenly distributed across Braak
stages, which could introduce sex-related bias. Samples
at Braak stage IV were excluded to ensure comparability
between both datasets, resulting in a final set of twelve indi-
viduals (Braak II, n=6; Braak V-VI, n=6) (Supplementary
Table S1) [15]. Alignment and gene annotation were made
using GRCh38 reference genome, through different versions
of CellRanger (v3.0.1 and 2.1, respectively), as explained by
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the authors of the data-generating papers. Raw count matri-
ces were downloaded in Matrix Market (.mtx) and Hierarchi-
cal Data Format (.h5) files, respectively.

snRNA-seq Data Processing and Quality Control

The collected data was processed in R v4.5 [16] using the
Seurat v5.0.0 package [17]. A Seurat object was generated
for each sample using the CreateSeuratObject function
(parameters: >3 cells and > 200 genes detected per cell)
and annotated with the corresponding metadata. Individual
objects were merged into a single Seurat object using the
merge function. No additional dataset integration algorithm
was applied at single-cell level data, as analyses were inde-
pendently conducted for each brain region to preserve bio-
logically relevant transcriptional variation. Quality control
measurements were performed with the PercentageFeature-
Set function to compute the proportion of mitochondrial
transcripts, excluding cells with fewer than 200 or more than
2,500 detected total genes or with >20% mitochondrial con-
tent. Data normalization and variance stabilization were con-
ducted using SCTransform, which models sequencing depth
to correct for differences in total RNA counts across cells
while regressing out the effect of mitochondrial transcript
proportion. Dimensionality reduction was performed using
RunPCA, followed by RunUMAP on the top 20 principal
components. A shared nearest neighbor (SNN) graph was
constructed using FindNeighbors, and clustering was per-
formed with FindClusters across resolutions ranging from
0.0 to 1.0.

Cell Type Annotation and Quantification

Cell type annotation was performed using ScType [18]
with the ScTypeDB database restricted to brain tissue. The
scaled expression matrix from the filtered Seurat object was
processed by the algorithm to compute similarity scores
between clusters and positive/negative marker gene sets.
The highest-scoring cell type was assigned to each cluster,
and the resulting annotations were integrated into the Seurat
metadata. Absolute variation in cell number was evaluated
by calculating the number of cells per cell type, sample,
region, and condition. From these counts, the mean, stand-
ard error of the mean (SEM), and 95% confidence intervals
(C195%) were computed.

Pseudobulk-based Intercellular Gene Expression
Profiles Comparison

Single-cell data were first aggregated into pseudobulk pro-
files using the AggregateExpression function from the Seu-
rat package v5.0.0 [17]. Gene expression was aggregated
per sample, AD stage, study and cell type. This strategy
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reduces cell-level noise and mitigates pseudoreplication by
treating each biological group as a single unit. Only genes
with counts > 10 in at least three pseudobulk samples were
retained. A DESeqDataSet was built via the DESegDataSet-
FromMatrix function from DESeq?2 [19]. Variance-stabiliz-
ing transformation was performed, which normalizes count
data while accounting for mean—variance dependence, pro-
ducing homoscedastic expression values suitable for down-
stream multivariate analyses. To correct for study-specific
batch effects, the ComBat function from the sva package
[20] was applied, incorporating biological covariates (cell
type and disease stage) through a design matrix. Principal
component analysis (PCA) was conducted on the top vari-
able genes to evaluate global transcriptional structure and
the effectiveness of batch correction.

Graph-based Intercellular Gene Expression Profiles
Comparison

For tissue-specific analyses, the complete Seurat object was
subdivided by cortical region using the subset function. This
approach was applied to both the full dataset and a sub-
set containing only the IncRNAs. Each subset was saved
in H5Seurat format using SaveH5Seurat and subsequently
converted to HSAD format, compatible with Scanpy [21],
using the Convert function. Cell type connectivity analyses
were performed using the Partition-based Graph Abstraction
(PAGA) algorithm [22] implemented in Scanpy. For each
HS5AD object, cell subsets corresponding to each disease
stage were created, and PAGA graphs were computed to
extract connectivity weights between cell types. Changes
in these intra-tissue connectivity weights were examined
across AD stages. Principal component analysis (PCA) was
performed on the connectivity matrices to assess intra-tissue
expression variation.

Differential Expression Analysis

From the previously filtered and preprocessed Seurat object,
SCT-normalized counts were extracted and prepared via the
PrepSCTFindMarkers function [17], which ensures appro-
priate variance modeling for downstream testing. Cells
were stratified into biologically meaningful subsets by con-
catenating cell type and tissue into a composite grouping
variable, and independent Seurat objects were generated for
each combination to enable context-specific comparisons.
Within each subset, differential expression analyses were
performed between AD stages using the FindMarkers func-
tion, employing the hurdle model implemented in the MAST
method [23], which is specifically designed for zero-inflated
single-cell data. Donor identity was incorporated as a latent
variable, thereby accounting for inter-individual variability
and reducing pseudoreplication effects at the single-cell

level [24]. Pairwise contrasts were dynamically defined
based on the available disease stages within each subset. To
control for multiple hypothesis testing, raw p-values were
adjusted using the Benjamini—Hochberg false discovery rate
(FDR) procedure [25]. Gene annotation was then performed
using the Isoformic library [26] and the biomaRt interface
to Ensembl [27]. Differentially expressed genes (DEG) were
defined based only on statistical significance (FDR <0.05).

Cross-study Validation of Differential Expression
Signatures

To assess the robustness and reproducibility of our find-
ings, we conducted a systematic cross-study comparison
using differential expression results reported in previously
published studies. A comprehensive literature search was
conducted in PubMed to identify studies with comparable
brain regions, cell type annotations, and AD staging. For
the prefrontal cortex (PFC), datasets from Morabito et al.
2021 [28], Mathys et al. 2019 [29], and Anderson et al. 2023
[30] were selected. For the entorhinal cortex (EC) and supe-
rior frontal gyrus (SFG), we used the datasets from Bartas
et al. 2025 [31] and Wang et al. 2024 [32] as references,
respectively. Differential expression results were retrieved
from the respective supplementary materials of each study.
Following data harmonization, raw p-values were uniformly
adjusted using the Benjamini-Hochberg method, and DEGs
were defined using a significance threshold of FDR <0.05.
To ensure comparability across studies, only DEGs corre-
sponding to advanced versus control disease stages (Braak
stages V—VI vs 0) were considered. For EC and SFG, over-
lap analysis was restricted to pairwise comparisons between
our reanalyzed dataset and the corresponding matched study.
Overlap was defined as the intersection of significant DEGs
between datasets, while concordance was quantified as
the proportion of overlapping genes exhibiting consistent
directionality of expression change. For the PFC, overlap
and concordance were computed across all pairwise study
comparisons. Summary statistics, including the mean and
standard deviation of overlap and concordance metrics, were
calculated for each cell type to provide an aggregate measure
of cross-study reproducibility.

Genomic Regions Tracking

Genomic annotation dictionaries were built using TxDb
from the GenomicFeatures package [33] to extract genomic
coordinates. Transcript-to-gene mappings were established
with make_tx_to_gene from the Isoformic package [26]. For
each IncRNA, + 1 Mb genomic windows were defined as
GRanges objects to identify potential cis targets within a
functionally relevant distance. The findOverlaps function
was used to detect genes located within these expanded
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regions, excluding self-interactions and retaining only poten-
tial targets. Overlapping genes were cross-referenced with
biotype dictionaries, retaining protein-coding targets only.

IncRNA-neighbor mRNAs Expression Correlation

For each cell type—tissue combination in the Seurat object,
gene expression counts were aggregated at the sample and
condition levels using the AggregateExpression function,
generating pseudobulk expression matrices distinct from
those used in the “Pseudobulk-based Intercellular Gene
Expression Profiles Comparison” subsection. These were
converted from raw counts to TPM using a custom counts_
to_tpm function to enable relative expression comparisons.
For each IncRNA—target pair, Spearman rank correlations
were computed using the rcorr function from the Hmisc
package [34]. Resulting p-values were adjusted for multi-
ple testing using the Benjamini—-Hochberg procedure, and
only statistically significant correlations (FDR < 0.05) were
retained for downstream analyses. No additional filtering
based on correlation magnitude was applied, as all signifi-
cant pairs exhibited an absolute correlation coefficient (Irl)
greater than 0.8.

Results

Intercellular Expression Reveals Convergent
Progression Across Brain Regions

After quality control and filtering, the final dataset com-
prised 239,149 cells derived from three cortical regions:
Prefrontal cortex (PFC), superior frontal gyrus (SFG), and
entorhinal cortex (EC). In total, 37,341 genes presented non-
zero counts in at least one sample, and 32,824 genes were
retained after applying quality filters. Among these, 6,778
genes were detected as highly variable features across the
datasets. Using the clustering resolution that best reflected
cellular structure (resolution=0.1), we identified 12 distinct
clusters (Fig. 1A).

Samples were stratified into three categories based on
the donor’s Braak stage: individuals at stage 0 were clas-
sified as “no AD”, those at stage II as “intermediate AD”,
and those at stages V or VI as “late AD” (Fig. 1B). Most
annotated cell clusters were shared across all brain regions;
however, clusters 8 and 9 were detected only in the SFG.
These clusters were composed of cells derived from a sin-
gle late-stage AD donor and were not observed in the EC
dataset, although both regions were obtained from the same
individuals (Supplementary Fig. S1A). Automated cell
type annotation using ScType consistently identified seven
major cell types across tissues: astrocytes, endothelial cells,
excitatory (glutamatergic) neurons, inhibitory (GABAergic)
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neurons, microglia, oligodendrocytes, and oligodendrocyte
precursor cells (OPCs) (Fig. 1C).

Through the whole transcriptome, we identified specific
signatures of the cell groups classified as oligodendrocytes
(CTNNA3, MBP, PLPI1, SLC44A1 and STI8), glutamater-
gic neurons (SYT1, KCNIP4, MEG3, MT-CO1 and RALYL),
microglial cells (PLXDC2, ARHGAP24, SLCIA3, SRGAP2
and DOCKS), GABAergic neurons (CNTNAP2, ERBB4,
GRIK2,ZNF385D and ROBO?2), OPCs (LHFPL3, PCDH135,
TNR, DSCAM and LRRC4C), astrocytes (SLCIA2, GPCS,
DTNA and ADGRVI) and endothelial cells (TMSBI0,
CLDNS, FLTI, TMSB4X and BSG) as shown in Fig. 1D.
These signatures presented their highest expression levels
within the respective cell type and their occurrences were
assigned in 50 to 75% of the cells. Those classified as glu-
tamatergic neuron markers were also abundant in inhibitory
neurons, while GABAergic neuron markers showed low
expression levels in excitatory neurons.

With the exception of MEG3, preferentially expressed
in glutamatergic neurons (Fig. 1D), no other IncRNA was
identified as a major cell type assigner. Because of this, we
applied a differential expression test in the IncRNA-only
data, which allowed us to identify IncRNAs as significant
markers (FDR < 0.05) of oligodendrocytes (LINC01608,
PCDH9-AS2, MIRISIAIHG, LINC00639 and LINC00320),
glutamatergic neurons (BCYRNI, MIRI37HG, LINC01378
and LY86-AS1), microglial cells (DLEU2, ABHD15-AS1
and ENTPD1-ASI), GABAergic neurons (FTX and DLX6-
AS1), OPC (LINC00511, KCNMB2-AS1, MIR3681HG and
IPO9-AS1), astrocytes (MIR99AHG, LINC00499, PTCHD -
AS and MIR4300HG) and endothelial cells (NR2F2-AS1,
RBMS3-AS3 and PCAT19) as illustrated in Fig. 1E.

Both NEATI, LINC0O0486, ADAMTS9-AS2, LINC01322,
and MEF2C-AS1 presented close expression levels in mul-
tiple cell types (Fig. 1E). Notably, the amount of expressing
cells was generally higher when considering protein-coding
genes as markers (Fig. 1D) when compared to IncRNAs
(Fig. 1E). MEG3, NEATI, and LINC00486 stood out as
abundant IncRNAs, since they were expressed by more than
75% of specific cell communities.

Proportionally, we observed a predominance of neurons,
particularly excitatory neurons, in both EC and SFG from
individuals without AD (Fig. 1F). However, as disease sever-
ity increased, this predominance was progressively reduced
and accompanied by a relative expansion of oligodendro-
glial, astroglial, and microglial populations. Conversely, the
PFC exhibited milder compositional shifts across AD stages,
primarily involving astrocytic and glutamatergic neuron
populations (Fig. 1F).

In all brain tissues, oligodendrocytes presented the great-
est amount of unique RNAs, defined as genes exclusively
detected in oligodendrocyte clusters (Fig. 1G). They were
followed by glutamatergic neurons, microglial cells, and
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Fig. 1 Data characterization. (A-C) Dimensionality-reduced repre-
sentation of all detected cells from both datasets, visualized by (A)
Louvain clusters, (B) disease phase, and (C) annotated cell type. (D,
E) Expression levels of cell type-enriched protein-coding genes (D)
and IncRNAs (E). Relative expression levels are shown by the color

astrocytes. In all cell types, PFC-derived cells exhibited
higher numbers of unique transcripts compared to EC or
SFG. We also observed that RNAs with unknown or unchar-
acterized biotype (classified as “others”) were consistently
predominant in all cell types. Protein-coding genes were
the predominant class of unique transcripts, followed by
IncRNAs, which in some PFC-derived cell types (e.g., oli-
godendrocytes, GABAergic neurons, and astrocytes) nearly
equaled their abundance.

Selecting the top 500 highly variable features, principal
component analysis (PCA) of pseudobulk data revealed clear
cell-type-based clustering (Supplementary Fig. S1B). In
the full transcriptome, samples from different brain regions

gradient, whereas the percentage of expressing cells is indicated by
dot size. (F) Proportion of each cell type within individual brain
regions across Alzheimer’s disease (AD) phases. (G) Number of
genes uniquely detected in each cell type within each brain tissue

followed a similar trajectory from “no AD” to “late AD,”
indicating consistent progression-associated expression pat-
terns across cell types. Notably, although PFC samples clus-
tered with their respective cell types, they were positioned
relatively distant from those derived from other regions.

In contrast, restricting the analysis to IncRNAs resulted
in a predominantly dataset-driven clustering pattern, clearly
separating PFC-derived samples from those of EC and SFG
(Supplementary Fig. S1B). Batch correction using ComBat
produced only modest changes, with dataset-driven separa-
tion largely preserved and the variance explained by PC1
decreasing slightly (from 34 to 30%) in the IncRNA-only
subset.
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To further assess this effect, we evaluated the impact of
progressively restricting the number of highly variable fea-
tures. Dataset-driven separation increased as fewer features
were included, an effect that was particularly pronounced
in the IncRNA-only analysis (Supplementary Fig. S1C).
Although batch correction performed better in reducing the
variance explained by PC1 in this subset, it did not eliminate
the observed clustering patterns.

We next examined the relationship between gene expres-
sion level and variance across samples. In the full data-
set, variance was broadly distributed among moderately
expressed genes (6 to 11 TPM), whereas in the IncRNA-only
subset, it was predominantly concentrated in lowly expressed
transcripts (2 to 5 TPM) (Fig. 2A). This distribution suggests
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Fig. 2 Intertissue comparison. (A) Distribution of features according
to normalized mean expression (x-axis) and variance across samples
(y-axis) in the complete Seurat object and in the IncRNA-only subset,
with and without batch correction. Red dots indicate highly variable
features (variance>2.5). (B) Top 20 features contributing most to
PC1 in the IncRNA-only subset, with and without batch correction.
Features are shown on the y-axis and PC1 loadings on the x-axis.
(C, D) Overlap of features identified within each brain tissue for (C)
the whole transcriptome and (D) IncRNA-only data. Darker blue
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that the observed clustering is more susceptible to detec-
tion-related noise. Consistently, IncRNAs contributing most
strongly to dataset separation (PC1 loadings) remained
largely unchanged after batch correction (Fig. 2B), indicat-
ing that this effect was not fully accounted for by conven-
tional batch adjustment methods.

Together, these findings suggest that the observed data-
set-driven clustering is primarily driven by systematic dif-
ferences in transcript detection between datasets, dispro-
portionately affecting lowly expressed IncRNAs. Although
the majority of genes were consistently detected across all
three brain regions (54%), a substantial fraction was either
uniquely identified in PFC (21%) or shared exclusively
between SFG and EC (22%) (Fig. 2C). When the analysis
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tones indicate higher percentages of overlapping genes. (E) Sche-
matic overview of the intertissue comparison workflow. Distances
between cell clusters were computed using a graph abstraction—based
approach and used as comparable vectors for direct intertissue analy-
sis. (F, G) Principal component analysis (PCA) of edge weights from
PAGA-derived intercellular connectivity networks generated for each
tissue—disease stage combined data, based on (F) the whole transcrip-
tome and (G) IncRNA-only datasets
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was restricted to IncRNAs (Fig. 2D), a comparable over-
all overlap was observed (55%); however, the proportion
of transcripts uniquely detected in PFC markedly increased
(31%), further supporting the contribution of dataset-specific
detection biases.

To enable more comparable analyses across brain regions,
we next adopted a network-based approach that captures
transcriptional relationships within each tissue-disease stage
condition. Using partition-based graph abstraction (PAGA),
intercellular transcriptomic similarities were quantified as
edge weights and subsequently represented as comparable
vectors (Fig. 2E). When applied to the full transcriptome,
this framework revealed a unified trajectory shared across all
brain regions during AD progression (Fig. 2F). In contrast,
analysis restricted to IncRNAs recapitulated this pattern for
EC and SFG samples. However, it showed a clear separa-
tion of PFC-derived samples (Fig. 2G), consistent with the
dataset-specific detection biases described above.

Within all transcriptome-containing PFC, the highest
intercellular similarity was found between endothelial and
microglial cells (around 20%) at the Braak stage II (Sup-
plementary Fig. S2A). The same was observed in EC, with
microglial and endothelial cells sharing a similarity of more
than 75% at the Braak stage O (Supplementary Fig. S2B). In
both cases, AD progression culminated in a drop in similar-
ity to less than 5% at the final stage. No similarity higher
than 10% was detected in SFG independently from the cell
type (Supplementary Fig. S2C).

PAGA connections generated by only IncRNA-containing
data evidenced difficulty in establishing clear transcriptome
distinctions between the cell type, with similarities near to
100% in all brain tissues (Supplementary Fig. S2D-F). PFC
exhibited most discrete fluctuations again, not presenting
any alteration higher than 15% (Supplementary Fig. S2D).
On the other hand, connection weights between glial-glial
and glial-endothelial cells showed a general decrease in both
EC and SFG, ranging from 100% to less than 25% in some
cases (Supplementary Fig. S2E and F).

Cell-Type-Specific IncRNA Dynamics is Shaped By
Tissue Context During AD Progression

For differential expression analysis, performed at the single-
cell level within each tissue-derived cell type across con-
secutive AD stages, we applied the Benjamini—-Hochberg
method for multiple testing correction, as it is less stringent
than Seurat’s default Bonferroni approach (Supplementary
Fig. S3A). This choice was particularly important for IncR-
NAs, enabling the retention of a sufficient number (> 1) of
DEGs for downstream analyses (Supplementary Table S2).
We did not impose any fold-change threshold, as our aim
was to capture the broadest possible spectrum of IncRNA

expression dynamics across brain regions and disease stages
(Supplementary Fig. S3B).

During early AD, glutamatergic neurons from the EC
exhibited the highest number of IncRNAs showing upregu-
lated expression (n=48), followed by oligodendrocytes
(n=34) and astrocytes (n=25). With the exception of
endothelial cells, which showed only two downregulated
IncRNAs, all other cell types displayed a predominance of
upregulated over downregulated IncRNAs (Fig. 3A). Over-
all, EC-derived cell types exhibited a greater number of
altered IncRNAs compared to those from the SFG, although
SFG-derived glutamatergic neurons showed a higher amount
of downregulated IncRNAs (n=30).

In late AD, most cell types in EC showed a reduction in
the number of differentially expressed IncRNAs compared
to the early stage, with the notable exception of oligoden-
drocytes, which exhibited a marked increase in upregulated
IncRNAs (n=64). In SFG, glutamatergic neurons again dis-
played the highest number of altered IncRNAs, with upregu-
lation predominating (23 upregulated vs. 8 downregulated).
This cell type also stood out in the prefrontal cortex (PFC),
where a predominance of downregulation was observed (39
downregulated vs. 3 upregulated IncRNAs) (Fig. 3A).

Despite these patterns, IncRNAs consistently represented
a small fraction of the total transcriptional changes, account-
ing for less than 5% of all DEGs across cell types, brain
regions, and disease stages (Supplementary Fig. S3C). Nev-
ertheless, both IncRNAs and protein-coding genes exhibited
comparable levels of cell-type specificity across all tissue-
and stage-specific contexts, defined as genes differentially
expressed in only a single cell type within a given condi-
tion (Fig. 3B). The same proximity was observed in terms
of the spatiotemporal specificity across all analyzed cell
types (Fig. 3C). Membership matrices are provided for each
cell type for both IncRNAs (Supplementary Table S3) and
protein-coding genes (Supplementary Table S4), as well as
across all spatiotemporal contexts (Supplementary Tables S5
and S6).

We further compared our differential expression results
with previously published studies. Following a comprehen-
sive search aimed at identifying datasets with study designs
comparable to ours, three datasets were selected for PFC
comparisons [28—-30], whereas only one suitable study was
identified for EC [31] and SFG [32]. Overlaps between
DEGs identified in our analysis and in the reference studies
were assessed on a per-cell type basis and defined as replica-
tion. Replication rates varied substantially across cell types,
even within the same tissue (e.g. from~75% in astrocytes
to~20% in GABAergic neurons in EC) while concordance in
the direction of expression changes generally exceeded 50%
(Supplementary Fig. S4). In PFC, where multiple reference
datasets were available, we additionally observed marked
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Fig.3 Patterns of differently expressed IncRNAs. (A) Number of
differentially expressed IncRNAs in each cell type, faceted by brain
tissue and AD stage. Upregulated and downregulated genes are dis-
tinguished by bar color. (B) Cell-type specificity of differentially
expressed IncRNAs across tissues and AD stages. Categories: Cell-
type specific (altered in only one cell type within a given tissue-stage
context); Glial (altered in at least two glial cell types); Neuronal
(altered in both excitatory and inhibitory neurons only); Pan-cellular

inter-study variability, reflected by wide dispersion in repli-
cation and concordance estimates across studies.

Genomic Context-Based Inference of IncRNA
Functional Involvement

Differentially expressed IncRNAs were distributed across
both gene-rich and gene-poor genomic regions, as defined
by the number of neighboring mRNAs within a+ 1 Mb
window (data not shown). To further explore their poten-
tial functional roles, we assessed the correlation between
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(altered in at least five cell types); and Mixed (patterns not fitting the
previous categories). (C) Spatiotemporal specificity of differentially
expressed IncRNAs across cell types. Categories: Context-specific
(altered in a single tissue-stage combination within a given cell type);
Temporal program (altered across tissues within a specific AD stage
only); Tissue-specific (altered in one tissue across both AD stages);
and Mixed (unclassified patterns)

altered IncRNAs and nearby protein-coding genes, aiming
to identify coordinated expression patterns, infer putative
cis-regulatory relationships, and contextualize these inter-
actions within their genomic environment (Supplementary
Tables S7 and S8). In addition, publicly available Micro-C
data from the UCSC Genome Browser [35] were incorpo-
rated to evaluate whether these IncRNA-mRNA pairs are
also spatially associated within three-dimensional chromatin
structures.

In astrocytes from EC, Maternally Expressed Gene
3 (MEG3) showed strong positive correlation with
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Brain-Enriched Guanylate Kinase-Associated Protein
(BEGAIN) (r=0.927), with both genes downregulated
during early AD (MEG3 log2FC= —0.95; BEGAIN
log2FC = —1.18). In microglia from the same tissue, three
positively correlated IncRNA-mRNA pairs were identified,
all showing coordinated upregulation during disease pro-
gression: ABHD15 Antisense RNA 1 (ABHD15-AS1) with
Slingshot Protein Phosphatase 2 (SSH2), Long Intergenic
Non-Protein Coding RNA 1094 (LINC01094) with Pro-
gestin and AdipoQ Receptor Family Member 3 (PAQR3),
and RNASEH?2B Antisense RNA 1 (RNASEH2B-AS1) with
Deleted in Lymphocytic Leukemia 7 (DLEU7) (Fig. 4A).
In the endothelial cells from PFC, expression of Solute
Carrier Family 6 Member 1 (SLC6A ) was positively cor-
related with its Antisense RNA 1 (SLC6A1-ASI) (Fig. 4B).
They were simultaneously downregulated from Braak stage
2 to 6. Within both regions, antisense IncRNAs exhibited
coordinated expression with their sense counterparts. How-
ever, while in PFC the correlated pair involved a protein-
coding gene and its directly overlapping antisense IncRNA,

X

]

in EC a similar relationship was observed between genes
with distinct annotations (e.g., SSH2 and ABHD15-AS1) that
nevertheless share antisense genomic positioning (Fig. 4C,
D). In both contexts, these gene pairs were located within
the same chromatin interaction domains.

No significant IncRNA-mRNA correlations were
detected in GABAergic neurons across the analyzed tis-
sues. In contrast, glutamatergic neurons consistently exhib-
ited such associations in all three brain regions (Fig. 5). In
EC-derived glutamatergic neurons, eight correlated pairs
were identified, including two involving the same IncRNA.
Notably, CKMT2 Antisense RNA 1 (CKMT2-AST) showed
strong positive correlations with both Autophagy Related
10 (ATG10) and MutS Homolog 3 (MSH3) (r=0.952 for
both), with all three genes upregulated during early AD
phase (CKMT2-AS1 1og2FC=0.91; ATG10 1og2FC=0.25;
MSH3 1og2FC=0.52) (Fig. 5A).

In PFC-derived glutamatergic neurons, only two corre-
lated pairs were detected: Long Intergenic Non-Protein Cod-
ing RNA 2306 (LINC02306) with Syntaxin Binding Protein
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Fig.4 Antisense IncRNAs in non-neuronal cell types. (A, B) Pseu-
dobulk expression-based correlations between differentially expressed
IncRNAs and proximal (+1 Mb) differentially expressed protein-
coding genes in (A) EC-derived astrocytes and microglia (left to
right), and (B) PFC-derived endothelial cells. Each dot represents

one sample, colored accordingly to its respective AD stage. (C, D)
Genomic loci of (C) ABHD15-AS1 and (D) SLC6AI-ASI. Tracks
were obtained from the UCSC Genome Browser and include GEN-
CODE v49, ENCODE cCREs, GeneHancer, and Hi-C/Micro-C data.
(http://genome.ucsc.edu)
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Fig.5 Single IncRNAs associated with multiple protein-coding
genes in excitatory neurons. (A-C) Pseudobulk expression-based
correlations between differentially expressed IncRNAs and proximal
(=1 Mb) differentially expressed protein-coding genes in glutamater-

6 (STXBP6), and STXBP5 Antisense RNA 1 (STXBP5-AS1)
with Glutamate Metabotropic Receptor 1 (GRM1) (Fig. 5B).
In contrast, fourteen correlated pairs were identified in SFG-
derived glutamatergic neurons, including recurrent associa-
tions involving PTCHD1 Antisense RNA (PTCHDI-AS)
and MEG3 (Fig. 5C). Analysis of chromatin organization
revealed that the mRNAs correlated with the same IncRNAs
are distributed across both shared and adjacent chromatin
interaction domains (Supplementary Fig. S5).

Despite proportional changes in cellular composition
across AD stages (Fig. 1F), relatively few cell populations
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STXBP5-AS1 (IncRNA)

STXBP5-AS1 (IncRNA)

gic neurons derived from (A) entorhinal cortex, (B) prefrontal cor-
tex, and (C) superior frontal gyrus. Each dot represents one sample,
colored accordingly to its respective AD stage

exhibited significant alterations in abundance (Supplemen-
tary Fig. S6). No significant changes were detected in PFC,
whereas microglial expansion was observed in SFG during
late AD. The EC displayed the most pronounced composi-
tional shifts, including expansion of astrocytic and micro-
glial populations, as well as dynamic changes in the oligo-
dendroglial lineage. Notably, OPCs increased during early
AD, followed by an expansion of mature oligodendrocytes
(Fig. 6A).

Region-specific IncRNA-mRNA correlations were also
evident in oligodendrocytes. In PFC, only one significant
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Fig.6 Oligodendroglial-specific alterations during AD progression.
(A) Abundance of oligodendrocytes and OPCs across brain regions
and AD stages. Each dot represents the mean number of cells per
sample; error bars show 95% confidence intervals. (B-D) Pseudobulk
expression-based correlations between differentially expressed IncR-

pair was identified, involving the coordinated downregula-
tion of Leucine Rich Adaptor Protein 1 Like (LURAPIL;
log2FC = —1) and its Antisense RNA 1 (LURAPIL-ASI;
log2FC = —2) during late AD phase (r=0.85) (Fig. 6B).
In contrast, sixteen correlated pairs were identified in EC-
derived oligodendrocytes (Fig. 6C), including multiple asso-
ciations involving LRP4 Antisense RNA 1 (LRP4-AS1; three
pairs) and Metastasis Associated Lung Adenocarcinoma
Transcript 1 (MALATI; four pairs). These correlations were
exclusively negative, linking upregulation of the IncRNAs
with downregulation of their associated mRNAs.

These IncRNAs also stood out in OPCs from the same
region, being involved in five out of six identified correlation
pairs (Fig. 6D). The expression of LRP4-AS1 was negatively
correlated with Mitogen-Activated Protein Kinase 8 Interacting

NAs and proximal (+1 Mb) differentially expressed protein-coding
genes in oligodendrocytes from (B) prefrontal cortex and (C) entorhi-
nal cortex, and in OPCs from (D) entorhinal cortex. Each dot repre-
sents one sample, colored accordingly to its respective AD stage

Protein 1 (MAPKS8IPI) expression in both OPCs and mature
oligodendrocytes (r= —0.9 for both), while MALAT1 showed
overlapping associations with Transmembrane 7 Superfam-
ily Member 2 (TM7SF2) and Transmembrane Protein 151 A
(TMEM151A). Given that MALATI exhibited the highest
number of correlated targets in EC-derived oligodendroglial
populations, its genomic locus was further examined, revealing
an extended region of potential regulatory influence (Supple-
mentary Fig. S7).

@ Springer



599 Page 12 of 16

Molecular Neurobiology (2026) 63:599

Discussion

As a highly complex pathology, AD is accompanied by
heterogeneous cellular [36, 37], biochemical [38, 39] and
clinical alterations [40, 41] based on the analyzed tissue or
disease stage. Single-cell transcriptomics (e.g. sSCRNA-seq
or snRNA-seq) has been successfully applied in order to
increase our comprehension about these heterogeneous cell
populations during AD progression [12, 14, 15]. The appli-
cation of these techniques to investigate IncRNA roles is not
anovelty [42, 43], and has proven useful in detecting genes
with restricted abundance, as reviewed by Mattick et al. [44]
and Grammatikakis et al. [45]. Nevertheless, here we pro-
vide a broader panel of IncRNAs of interest in AD, congre-
gating multiple studies into a single analysis and using an
unbiased clustering and correlation approach.

The adoption of an automatic cell type annotator
method aimed at providing an unbiased perspective of the
data composition [46]. ScType is a widely used tool in
single-cell transcriptomics due to its high annotation accu-
racy (>98%), even in complex tissues such as the human
brain [18, 47]. Its outstanding performance derives from
the comprehensive marker genes-based database sup-
porting the algorithm, but also from the score strategy
employed to classify both positive and negative markers,
improving robustness [18]. Using this approach, we iden-
tified the same major cellular populations reported in the
study describing the GSE147528 dataset [14]. In addition,
we further stratified the oligodendroglial cell cluster into
mature oligodendrocytes and OPCs, which represents a
refinement compared to the classification reported in the
original study that generated the GSE157827 dataset [15].

Most of the cell-type marker genes identified in this study
were consistent with those reported in the original data-gen-
erating studies, including MBP, ST18, PLP1, and CTNNA3
for oligodendrocytes; CLDN5 and FLT]1 for endothelial
cells; SLCIA2, ADGRVI, and GPC)5 for astrocytes; RALYL
and KCNIP4 for glutamatergic neurons; and DOCKS, ARH-
GAP24, and PLXDC? for microglial cells [14, 15]. Addi-
tional overlaps were observed with cell-type markers previ-
ously reported in transcriptomic studies based on isolated
brain cell populations, including SY7/ and ROBO?2 for neu-
rons [48, 49]; PCDH15 and LHFPL3 for OPCs [49]; PLPI
for oligodendrocytes [48]; and CLDN5, BSG, and FLT1 for
endothelial cells [48, 49]. More abundant IncRNAs were
also assigned as cell type markers. Noticeably, both MEG3
and Brain Cytoplasmic RNA 1 (BCYRNI or BC200) are
known for their prominent effects on neuronal cells [50, 51].
ENTPD1-ASI was also identified as a microglial marker, as
well as its sense protein-coding gene [52].

Part of our analysis was also designed to mitigate batch
effects in the single cell-level data using an alternative
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strategy. To accommodate the inherent variability between
studies, we employed a graph abstraction approach based
on partition-based graph abstraction (PAGA), in which
each AD phase-brain tissue combination was treated as an
independent context [22]. This represents an extension of
the original algorithmic framework and operates conceptu-
ally similarly to distance-neighborhood approaches [53],
effectively normalizing intercellular similarities through
condition-specific cluster distances. This strategy allowed
us to preserve biologically meaningful variation across
Braak stages while reducing study-specific effects.

The proposed methodology worked well on all transcrip-
tome-containing data, but not on only IncRNA-containing
data. Since the obtained clustering profile reflects the isola-
tion of PFC from the other tissues (Fig. 2G), we consider
that this occurred due to the greater impact that methodo-
logical specificities between the two studies could have on
the identification and quantification of IncRNA transcripts.
Once they are generally expressed in lower abundances
when compared to protein-coding genes, dissecting their
entire composition within each cell type can be especially
challenging to single-cell transcriptomics technologies due
to the sequencing depth limitation [54, 55].

High-throughput transcriptomic pipelines pose particular
challenges for IncRNA analysis [56, 57]. Stringent quanti-
fication limits and statistical thresholds [58] often reduce
the detection of subtle yet biologically relevant changes in
IncRNA expression, thereby underestimating their functional
contributions. Validation efforts are similarly constrained by
these technical limitations, contributing to limited overlap
across studies [59]. Despite these challenges, we identified
a robust panel of dysregulated IncRNAs across multiple tis-
sues and cell types during AD progression. By integrating
expression correlation analyses with proximal genes (within
1 Mb) and Micro-C chromatin interaction data, we further
inferred potential functional roles for these IncRNAs.

Antisense-mediated regulation represents one of the
most prevalent mechanisms by which cis-acting IncRNAs
exert their functions [10]. These genes can act as either
enhancers or repressors of their associated genes and are
frequently transcribed from enhancer-associated loci [44].
For instance, the coordinated upregulation of ABHD15-AS1
and SSH2 in EC-derived microglia suggests potential cis-
regulatory interactions or shared regulatory control within
the same genomic locus. This observation is particularly rel-
evant given that the SSH protein family plays a well-estab-
lished role in regulating cytoskeletal dynamics in microglia
through cofilin modulation [60-62].

Similarly, SLC6A1-ASI and PTCHDI-AS emerge as
strong candidates for further investigation due to their
correlation with their sense protein-coding counterparts.
SLC6AI encodes a GABA transporter essential for neuro-
transmitter uptake [63, 64], whereas PTCHDI1 functions as



Molecular Neurobiology (2026) 63:599

Page130f 16 599

a postsynaptic scaffold protein critical for excitatory synapse
integrity [65, 66]. Our findings suggest that their antisense
transcripts may act as positive regulators of gene expres-
sion or reflect cell state-specific regulatory programmes in
response to AD-associated stimuli.

Broader genomic effects were also evident in loci where
IncRNAs exhibited coordinated correlations with multiple
neighboring mRNAs. Notably, loci containing MEG3 and
CKMT2-AS1 displayed patterns consistent with higher-order
chromatin organization, suggesting their involvement in
disease-associated cellular reprogramming [67, 68]. These
observations raise the possibility that such IncRNAs may
not only respond to but also actively contribute to epigenetic
remodeling processes [69, 70]. In this context, the func-
tional identity of nearby protein-coding genes is particularly
informative. For example, BEGAIN, a regulator of synaptic
transmission and plasticity, is implicated in cognitive pro-
cesses such as learning and memory [71].

Accumulating evidence indicates that oligodendrocyte
lineage cells are highly susceptible to aging and AD, con-
tributing to early myelin disruption and impaired remy-
elination [72, 73]. Recent studies have demonstrated that
OPCs exhibit reduced regenerative capacity and undergo
senescence-associated changes in the aging brain [74]. These
changes impair differentiation, potentially leading to the
accumulation of dysfunctional progenitors despite increased
proliferative activity [75]. Consequently, defective differen-
tiation may result in impaired myelination, even in the pres-
ence of increased oligodendrocyte abundance [76-78].

Our findings provide additional insight into the potential
involvement of IncRNAs in this oligodendroglial context.
MALATI, for instance, is widely expressed across oligoden-
drocyte lineage cells, including both progenitor and mature
states [79], suggesting a potential role in regulating tran-
scriptional programmes associated with oligodendroglial
function. Although its direct contribution to oligodendro-
cyte differentiation remains unclear, MALAT] is known to
modulate chromatin architecture and gene expression across
diverse cellular systems [80, 81], supporting its functional
versatility.

Taken together, the present study provides a comprehen-
sive overview of IncRNA expression patterns across mul-
tiple brain regions and cell types during AD progression.
However, our conclusions are primarily based on compu-
tational inference, and therefore do not establish causality.
The complexity of IncRNA biology, combined with techni-
cal limitations inherent to single-cell transcriptomics, rein-
forces the need for functional validation using experimental
models. It will be essential to determine whether the identi-
fied IncRNAs actively drive, modulate, or simply reflect the
observed transcriptional and cellular changes. Rather than
providing definitive mechanistic conclusions, this work
aims to serve as a rich resource and hypothesis-generating

framework, prioritising IncRNAs and genomic loci for tar-
geted investigation.

Conclusion

The present study provides a cross-regional, single-cell view
of IncRNA dynamics during AD progression, revealing con-
vergent cellular trajectories alongside marked tissue-specific
transcriptional signatures. Despite technical constraints
inherent to IncRNA detection, we identify reproducible, cell-
type-specific IncRNA alterations and highlight coordinated
IncRNA-mRNA relationships within defined genomic and
chromatin contexts. These findings point to potential roles
for IncRNAs in key processes underlying AD pathology.
While our results are primarily hypothesis-generating, they
establish a prioritized framework of candidate IncRNAs and
regulatory loci for future functional studies aimed at eluci-
dating their mechanistic contributions to neurodegeneration.
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