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Alzheimer’s disease (AD) is a progressive neurodegenerative disorder, for which there are few effective therapies. In this
work, we computationally identified potential drug candidates for AD from publicly available gene expression datasets. First,
we analyzed the RNA sequencing dataset GSE261050 to identify the differentially expressed genes (DEGs) between AD and
control samples. Then we performed pathway enrichment analysis and found that many of the changed genes were related to
neurodegeneration, MAPK signaling and cellular stress responses. Next, we performed a drug repurposing approach using the
L1000CDS2 database to identify compounds that could reverse the AD gene expression signature. Several candidate drugs were
identified such as transcriptional regulators like histone deacetylase (HDAC) and cyclin dependent kinase (CDK) inhibitors. We
validated our results in an independent data set (GSE33000), pathway enrichment and predicted drug candidate comparisons.
Both datasets predicted drugs that are HDAC inhibitors, but statistical testing did not indicate that HDAC inhibitors are
significantly enriched, indicating a weaker but consistent signal. Together, our results demonstrate that AD is associated with
consistent changes in important biological pathways and that transcriptomic analysis can be used to identify possible therapeutic
interventions. These results indicate that transcriptional regulation may be worth further studying, and suggest that multiple

transcriptomic signals are reproducible between independent datasets.

validation for therapeutic relevance.

All predictions are in silico and need experimental
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Introduction

Alzheimer’s disease (AD) is a progressive neurodegenerative
disorder that primarily impairs memory, thinking and behav-
ior. It is the leading cause of dementia and affects millions of
people worldwide today. With an aging world population, the
number of people living with Alzheimer’s disease is expected
to rise substantially, constituting an increasing public health
challenge. ! Despite decades of research, there are no effective
treatments that can slow or stop disease progression.
Biologically, Alzheimer’s disease is characterized by a
number of key features, including the accumulation of
amyloid-beta plaques, tau protein tangles and widespread neu-
ronal damage. But recent studies suggest that these factors
alone do not tell the whole story of the complexity of the
disease. Alzheimer’s disease is characterized by changes in
several biological pathways, including inflammation, oxida-
tive stress and disruption of cellular signaling. %> Recent large-
scale transcriptomic studies have shown that Alzheimer’s dis-
ease is associated with coordinated alterations of neuronal, im-
mune and metabolic pathways across multiple brain regions.
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Transcriptomic approaches have previously been shown to
reveal disease-associated molecular networks not detectable
by single gene analysis, as exemplified in projects such as
the Accelerating Medicines Partnership—Alzheimer’s Disease
(AMP-AD) consortium and analysis of the Religious Orders
Study and Memory and Aging Project (ROSMAP) cohorts.
These studies suggest that Alzheimer’s disease is a result
of complex interactions between multiple biological systems,
rather than a disruption of a single molecular target.* This
complexity makes it hard to identify effective treatments using
traditional one-target-at-a-time approaches.

One of the important challenges in transcriptomic studies
is whether disease signatures obtained in one study can be re-
produced in independent datasets and experimental platforms.
Changes in sample composition, sequencing platforms and
analysis methods can affect gene expression results. Hence,
validation in independent cohorts is critical in differentiat-
ing robust biological signals from dataset-specific observa-
tions. Evaluating reproducibility may also bolster confidence
in computational drug-repurposing approaches that rely on
transcriptomic signatures. >

Transcriptome analysis (genome-wide gene expression pro-
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filing) is a promising approach for studying complex diseases
such as Alzheimer’s. Researchers compare gene expression
of diseased versus healthy samples to identify genes and path-
ways that are altered in the diseased state.” It may give a more
global picture of disease mechanisms and help identify novel
therapeutic targets.

Moreover, drug repurposing has become a promising ap-
proach for identifying potential drugs. Instead of discovering
new drugs from scratch, drug repurposing identifies existing
compounds that can reverse the changes in gene expression
associated with disease.® The technique could speed up and
cut the cost of drug development dramatically.

This study aimed to assess the reproducibility of transcrip-
tomic disease signatures and computational drug-repurposing
predictions across independent Alzheimer’s disease datasets.
Differential expression analysis, pathway enrichment, and
computational drug-repurposing approaches were conducted
on an RNA-seq dataset (GSE261050) and key findings were
validated on an independent microarray dataset (GSE33000).
In this study, we used the comparison of pathway-level and
drug-level results across platforms to assess the stability of
transcriptomic signals that may be relevant for future thera-
peutic investigation. 7~10

Methods

Data Collection

Gene-expression datasets available in the public Gene Ex-
pression Omnibus (GEO) database were used. The primary
dataset, GSE261050, includes postmortem bulk RNA se-
quencing data from two brain regions, the anterior cingulate
cortex (BA32) and insula, from donors with a spectrum of
Alzheimer’s disease neuropathology.'! For the differential-
expression analysis in the present study, only samples anno-
tated as Alzheimer’s disease (AD) or control were used. The
dataset consisted of 101 samples from 60 donors, including 76
AD samples and 25 control samples. Demographic and clin-
ical characteristics are summarized in Table 1. The available
metadata included age, sex, post-mortem interval (PMI), RNA
integrity number (RIN), brain region, sequencing batch, and
extraction batch. During the analysis workflow, information
at the donor level and brain-region annotation was kept.

For validation, we used the GSE33000 dataset, which con-
tains microarray expression profiles from AD, Huntington’s
disease (HD), and control samples. Only AD and con-
trol samples were used for validation of Alzheimer’s disease
findings.'> HD samples were analyzed separately as an ex-
ploratory comparison and were not included in the primary
validation analyses.

Table 1 Characteristics of GSE261050 Samples Included in the Anal-

ysis
Variable AD Control
Samples 76 25
Unique donors 44 16
Female 42 7
Male 34 18
Mean age (years) 81.1 75.2
Mean PMI (hours) 16.5 21.5
Mean RIN 4.75 5.58
Brain regions BA32, Insula BA32, Insula

Differential Expression Analysis

Differential gene expression analysis of the primary dataset
(GSE261050) was performed by DESeq2 package in R.!3 A
DESeq?2 design formula of ~ condition was used, indicating
that disease status (AD vs control) was the main variable in-
cluded in the model. Genes were considered as significantly
differentially expressed when adjusted p-value was < 0.05 and
absolute log2 fold change > 1. Results were presented as vol-
cano plots. The analysis was conducted to detect broad tran-
scriptomic differences between AD and control samples. Al-
though there was metadata available for age, sex, brain region,
PMI, RIN and batch information, these were not included in
the main statistical model. Therefore, they are potential con-
founding sources.

Pathway Enrichment Analysis

We conducted pathway enrichment analysis based on the
KEGG (Kyoto Encyclopedia of Genes and Genomes) database
to investigate the biological significance of the differentially
expressed genes. Enrichment analysis identifies biological
pathways that are overrepresented in the gene list compared
to what would be expected by chance.'* We focused on the
highest ranked pathways based on adjusted p-values.

Drug Repurposing Analysis

We used the L1000CDS?2 platform to identify candidate drugs
that may reverse the Alzheimer’s disease gene expression
signature. This method compares the input gene list with
a database of drug-induced gene expression profiles and
identifies compounds that produce opposite expression pat-
terns. 1316 The top predicted drugs were ranked based on their
similarity scores.

Validation Using Independent Dataset

We also conducted analysis of pathways and drug repurpos-
ing on the GSE33000 dataset to assess the reproducibility of
our findings. Samples in GSE33000 represent several neu-
rodegenerative disorders, and as such, validation analysis were
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restricted to AD and control samples. Huntington’s disease
samples were analyzed separately as an exploratory compar-
ison where we wanted to see if similar transcriptomic drug-
repurposing signals could be seen in another neurodegener-
ative disorder. AD-specific findings were not confirmed in
HD samples. The purpose of the validation analysis was
to assess cross-platform reproducibility instead of replication
of differential-expression results, since GSE261050 dataset is
RNA-seq dataset and GSE33000 dataset is microarray dataset.

Statistical Analysis

Differential-expression significance was determined using
Benjamini-Hochberg false-discovery-rate correction as imple-
mented in DESeq2 and limma.!” Pathway-enrichment analy-
sis were ranked according to adjusted p-values. Enrichment
analysis used multiple-testing-adjusted p-values provided by
the enrichment platform outputs. Candidate compounds iden-
tified through L1000CDS2 were ranked according to simi-
larity scores generated by the platform. Fisher’s exact test
was used to assess whether classes of drugs like histone
deacetylase (HDAC) inhibitors were overrepresented in the
top-ranked compounds. Statistical significance was defined
as p < 0.05.

Data and Code Availability

All datasets used in this study are publicly available from the
Gene Expression Omnibus (GEO). The analysis scripts used
for data processing, pathway enrichment, drug repurposing,
and figure generation are available on GitHub at https://
github.com/orcall8/Alzheimer-s-Disease-T
ranscriptomic—-Analysis.

Results

Differential Gene Expression in Alzheimer’s Disease

We first examined gene expression changes in Alzheimer’s
disease (AD) samples versus healthy controls using the
GSE261050 dataset. The volcano plot (Figure 1) indi-
cates many genes with significant changes in expression. In
addition, a large number of genes were strongly upregu-
lated/downregulated in AD indicating a general dysregulation
of transcription. These results confirm that Alzheimer’s dis-
ease is linked to major changes in gene activity across the
genome.

This volcano plot shows genes that are significantly up-
or down-regulated in Alzheimer’s disease compared to con-
trol samples. Each dot is a gene, the x-axis is the log2 fold
change, and the y-axis is the statistical significance (—log10
adjusted p-value). Red points represent upregulated genes,

Differential expression in Alzheimer’s disease
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Figure. 1 Differential gene expression in Alzheimer’s disease
(GSE261050).

blue points represent downregulated genes, and gray points
represent genes that are not significantly changed. Results
show widespread gene expression changes in AD.

Pathways Enrichment

KEGG pathway enrichment analysis was performed to fur-
ther investigate the biological function of the DEGs. The
results (Figure 2) showed a significant enrichment of sev-
eral pathways associated with neurodegeneration. These in-
cluded pathways in Alzheimer’s disease, Parkinson’s disease,
Huntington’s disease, MAPK signaling and cellular stress re-
sponses. These pathways suggest that the observed gene
expression changes are biologically meaningful and gener-
ally consistent with known mechanisms of neurodegeneration.
However, some enriched KEGG pathways share common mi-
tochondrial, inflammatory and stress-response genes. Thus,
co-occurrence of pathways should not be interpreted as inde-
pendent biological validation, but rather as a hint for related
molecular processes.

This figure shows the most enriched biological pathways of
the differentially expressed genes in the primary dataset. The
pathway names are displayed on the y-axis and the statistical
significance (—logl0 adjusted p-value) on the x-axis. Multi-
ple enriched pathways are associated with neurodegeneration,
signaling and cellular stress responses, reinforcing the biolog-
ical relevance for the gene expression alterations observed in
AD.

Identification of drug candidates

We then used a drug repurposing approach to find compounds
that could reverse the AD gene expression signature. Figure 3
shows the top predicted drugs. A number of compounds were
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Figure. 2 KEGG pathways enriched in Alzheimer’s disease
(GSE261050).

identified including transcriptional regulators such as histone
deacetylase (HDAC) inhibitors and cyclin-dependent kinase
(CDK) inhibitors. These drugs are known to modulate gene
expression and cellular signaling, which make them good can-
didates for further computational prediction.
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Figure. 3 Top candidate drugs predicted to reverse the AD gene
expression signature.

This bar plot shows the top-ranked drugs identified using
the L1000CDS2 drug repurposing analysis. The x-axis repre-
sents individual drugs, and the y-axis represents the prediction
score, which reflects how strongly each drug is predicted to re-
verse the Alzheimer’s disease gene expression pattern. HDAC
inhibitors are highlighted in a different color. Several tran-
scriptional regulators, including HDAC and CDK inhibitors,

appear among the top candidates.

Pathways Cross-Dataset Validation

To validate our results, we compared the enriched pathways
obtained from the primary dataset (GSE261050) with those
obtained from an independent dataset (GSE33000). As shown
in Figure 4, there was overlap of key KEGG pathways be-
tween the two datasets. Pathways such as MAPK signaling
and infection-related pathways (e.g., shigellosis) were found
in both analysis. As with shigellosis, pathways should not
be taken as evidence of involvement of infectious disease.
Instead, the pathway annotations include signaling, inflam-
matory and stress-response genes that overlap considerably
with pathways implicated in neurodegeneration. In the top
ranked results, three KEGG pathways were shared in all three
datasets, suggesting partial reproducibility of pathway-level
biological signals across datasets.

Pathway overlap: GSE261050 AD vs GSE33000 AD
Validation comparison
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Figure. 4 Pathways overlap between primary and validation datasets.

The plot compares enriched KEGG pathway between
the primary dataset (GSE261050) and validation dataset
(GSE33000). The x-axis indicates the number of top path-
ways included in the comparison (Top 10 or Top 15), “Top
N” means the N most significant pathways ranked by adjusted
p-value. The y-axis shows the number of pathways overlap-
ping between the two datasets. There are three KEGG path-
ways overlapping among the datasets, suggesting that biolog-
ical signals are partially reproducible. In contrast, there was
little to no overlap between the GO pathways, indicating that
KEGG pathways are more consistent across the datasets.

Comparison Among Datasets of Predicted Drug Class

We also compared the predicted drug candidates between two
datasets, especially transcriptional regulators like HDAC in-
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hibitors. As shown in Figure 5, HDAC-related drugs were
identified in both datasets but with different frequency. In
the primary data set (GSE261050), HDAC-related drugs com-
prised about 20% of the top 15 candidates, while in the vali-
dation data set (GSE33000) they comprised about 6—7%.

Transcriptional regulator drugs in Alzheimer’s disease
AD-only comparison across datasets

20%

15%

GSE261050

10%
B W Gse33000

Proportion

5%

0%

Top 15 Top 20
Top-N drugs

Figure. 5 Comparison of drug signals of transcriptional regulators
across datasets.

This figure shows the percentage of transcriptional regulator
drugs (including HDAC inhibitors) among the top predicted
candidates in the primary and validation datasets. The x-axis
represents the number of top drugs used in the analysis (Top
15 or Top 20). The “Top N” refers to the N drugs with the
highest scores predicted by L1000CDS2 analysis. The y-axis
shows the fraction of transcriptional regulator drugs among
these top-ranked candidates. In both datasets we find the pres-
ence of HDAC-related drugs, although the fraction is lower in
the validation dataset, which is a sign that the signal is consis-
tent but weak.

These results indicate that, although HDAC-related com-
pounds were among the top predictions in both datasets, there
was no statistical enrichment. Thus, these results should be in-
terpreted as a reproducible, but modest, computational signal,
rather than evidence in support of HDAC inhibitors as vali-
dated therapeutic candidates. Together these findings suggest
that transcriptional regulation may be involved in molecular
changes associated with AD.

Discussion

Here we applied transcriptomic analysis and computational
drug-repurposing approaches to assess the reproducibility
of disease-associated molecular signals across independent
Alzheimer’s disease datasets. Many of the pathways iden-
tified in this study have been reported before, but our goal
was not to identify completely novel molecular mechanisms

of Alzheimer’s disease. Instead, we tested the detectabil-
ity of pathway-enrichment results and computational drug-
prediction signals across independent transcriptomic plat-
forms. '8

One of the most consistent findings from our analysis was
an enrichment of pathways associated with neurodegenera-
tion and signaling, particularly MAPK signaling. The MAPK
pathway is involved in neuronal survival, apoptosis and stress
responses, and dysregulation of the pathway has been linked
to Alzheimer’s disease progression. !>?° Even if the pathway
analysis are not always perfectly consistent, the overlap of
KEGG pathways across independent datasets is a strong mes-
sage about the robustness of these biological signals. How-
ever, the small overlap between datasets additionally empha-
sizes the challenges of transcriptomic reproducibility. Vari-
ations in pathway-enrichment results may arise from differ-
ences in cohort composition, tissue sampling, experimental
platform and analytical methods. Furthermore, several en-
riched pathways share common mitochondrial, inflammatory
and stress response genes. Thus, overlap of pathway annota-
tions should not be interpreted as independent biological vali-
dation, but as support for related molecular processes.

Our drug-repurposing analysis led to the generation of
several computationally predicted compounds including tran-
scriptional regulators such as HDAC inhibitors and CDK in-
hibitors. These classes of compounds have been previously
studied in neurodegenerative disease due to their potential
effects on gene regulation and cellular signalling.?""*> How-
ever, statistical testing did not show significant enrichment of
HDAC inhibitors in the list of top ranked candidates. Thus,
the data should be interpreted as a reproducible but weak sig-
nal and not as proof that HDAC inhibitors are validated thera-
peutic candidates. The present study was designed to identify
transcriptomic reversal signatures and not to test the feasibility
of drug development. Thus, blood-brain barrier penetration,
toxicity, pharmacokinetics, pharmacodynamics and previous
clinical evidence in Alzheimer’s disease were not systemati-
cally assessed. Future studies should consider these when pri-
oritizing candidate compounds for experimental validation. >

The results should be interpreted with some limitations.
The analysis was based on publicly available datasets, which
vary in sample composition, experimental design and tran-
scriptomic platform. The main data set was generated by RNA
sequencing and the validating data set was generated by mi-
croarray technology. These platforms differ widely in tran-
script coverage, dynamic range and normalization procedures.
Second, the differential-expression analysis employed a sim-
plified design formula (~condition) and failed to explicitly ac-
count for age, sex, brain region, post-mortem interval (PMI),
RNA integrity number (RIN), donor-level correlation, or batch
variables. Therefore, some differences observed in the expres-
sion could be related to these factors and not the disease sta-
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tus. Third, some donors provided samples from multiple brain
regions and donor-level correlations were not explicitly mod-
eled. Finally, all drug predictions are made by computational
approaches and not validated in the laboratory. Thus, results
are considered hypothesis-generating rather than conclusive.
In the future, these results can continue to be studied by
adding more transcriptomic data sets. For this purpose, we
would use statistical models that adjust for demographic and
clinical covariates, evaluate pathway reproducibility in larger
cohorts, and experimentally validate candidate compounds in
cellular or animal models. These studies will be required
to determine the biological or therapeutic significance of the
computationally predicted drug candidates found.

Conclusion

In this study, we used transcriptomic analysis and com-
putational drug-repurposing approaches to evaluate disease-
associated molecular signals across independent Alzheimer’s
disease datasets. Our results show that AD is associated with
widespread changes in gene expression and enrichment of
pathways related to neurodegeneration and MAPK signaling.
These findings support the idea that Alzheimer’s disease in-
volves complex and interconnected biological processes.

Using a computational drug-repurposing method, we iden-
tified several compounds whose transcriptional signatures op-
pose disease-associated expression patterns. Among these,
transcriptional regulators, including HDAC inhibitors and
CDK inhibitors appeared among top-ranked predictions in
multiple analysis. However, HDAC-related compounds were
not significantly enriched, indicating that these observations
should be interpreted as a modest and reproducible computa-
tional signal rather than evidence of therapeutic efficacy.

Importantly, validation in an independent dataset showed
only partial overlap of pathway-level findings, suggesting
modest reproducibility across transcriptomic platforms. To
summarize, transcriptomic analysis can be useful to identify
disease-associated molecular patterns and generate hypothe-
ses for future therapeutic investigation. All candidate com-
pounds were identified by in silico approaches, and experi-
mental validation will be necessary to assess their biological
and therapeutic relevance. Further studies with larger cohorts,
more transcriptomic datasets and experimental validation will
be needed to better assess the robustness and translational po-
tential of these findings.
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