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  Alzheimer’s disease (AD), pulmonary arterial hypertension (PAH), and osteoarthritis (OA)  
are chronic conditions affecting different organs, imposing a heavy burden on long-term 
care. Digital health and bioinformatics now enable integrative analysis of large-scale 
molecular data, revealing shared mechanisms for precision medicine.. This study aimed 
to uncover common differentially expressed genes (DEGs), biological pathways, and 
regulatory networks across AD, PAH, and OA using an integrative in silico, data-driven 
framework. Publicly available gene expression datasets were retrieved from the NCBI 
Gene Expression Omnibus (GEO) and analyzed using standardized computational 
pipelines to identify DEGs and overlapping molecular signatures. Protein–protein 
interaction network analysis was applied to identify central hub genes, followed by 
functional enrichment analysis using Gene Ontology and KEGG pathways. In addition, 
transcription factor and microRNA regulatory networks were constructed to characterize 
multi-layered gene regulation. Thirteen shared DEGs were identified among the three 
diseases, with MMP9, PIK3R1, SERPING1, ORM1, and C2 emerging as key hub genes. 
Enrichment analyses revealed common involvement in immune regulation, complement 
activation, extracellular matrix (ECM) organization, and PI3K/AKT signaling, alongside 
enrichment of immune-related pathways such as PD-1/PD-L1 checkpoint and T cell 
receptor signaling. Regulatory network analysis identified hsa-miR-335-5p and hsa-miR-
17-5p as top miRNAs, and EGR1, NFE2L1, and SP1 as key transcription factors. Overall, 
this study demonstrates how integrative bioinformatics and digital health analytics can 
reveal convergent molecular signatures across clinically distinct diseases, supporting the 
identification of data-driven biomarkers and potential cross-disease therapeutic targets 
to enhance patient care. Further experimental validation is required to facilitate clinical 
translation. 

 

1. Introduction  
 

Alzheimer's disease (AD) is the most 
prevalent kind of dementia and neurodegeneration 
among older people [1]. By 2020, the number of AD 
patients and related dementias was estimated to be 
5.8 million in the United States [2,3]. Typically, AD 
starts in the hippocampus, a region in the brain 
responsible for memory storage. The pathology 
spreads out as neurons die to involve the entire 
cortex [4]. However, to this date, no effective 

treatment for AD has been confirmed, and the 
number of people with the disease is anticipated to 
increase with the aging population. It eventually 
exerts profound consequences, not only on the 
patients but also on their families and society. 
Therefore, novel strategies and molecular targets 
are needed for drug discovery and disease 
modification. 

AD belongs to a large group of 
neurodegenerative diseases known as tauopathies. 
Neurofibrillary tangles of hyperphosphorylated tau 
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protein distinguish them [5,6]. Tau stabilizes 
microtubules through its microtubule-binding 
domains and tends to polymerize when it has excess 
phosphorylation in the C-terminal region. Normally, 
the phosphorylation of tau is tightly regulated by 
kinases and phosphatases [7]. Some kinases cannot 
work correctly during AD, and some phosphatases 
are eliminated. This imbalance leads to the 
abnormal hyperphosphorylation of tau [8]. 
Consequently, abnormal tau disrupts the binding of 
its physiological substrates with the microtubule. It 
gains numerous toxic functions, including seeding 
further tau aggregation, disrupting synapses, and 
promoting microglial activation and 
neuroinflammation [9]. Therefore, the restoration 
of the delicate balance between tau kinases and 
phosphatases might represent a therapeutic 
strategy against AD by aiming to inhibit aberrant 
tau phosphorylation without interfering with the 
functions of the cognate kinases and phosphatases 
[10]. To facilitate the development of such 
therapeutic strategies, the members of these 
families whose gain of function contributes to 
abnormal tau phosphorylation need to be 
rediscovered. 

Pulmonary arterial hypertension (PAH) is a 
condition marked by a resting mean pulmonary 
artery pressure of 20 mmHg or higher. It is also 
associated with elevated pulmonary vascular 
resistance, which can result in progressive right 
heart failure and early mortality [11]. The vascular 
remodeling in PAH is driven primarily by the 
aberrant proliferation and resistance to apoptosis 
of cells within the small pulmonary vasculature 
[12]. This uncontrolled proliferation results from 
misappropriating molecular pathways typically 
activated in endothelial and smooth muscle cells of 
healthy oxygen-sensing lungs [13]. Clinically, PAH 
can occur idiopathically or in association with other 
diseases, including scleroderma, HIV/AIDS, 
anorexigens, portal hypertension, and congenital 
heart disease [14]. PAH is often diagnosed at 
advanced stages when resistance to treatment is 
high and predominantly afflicts women in the third 
to fourth decades of their lives [15]. Finding 
trustworthy biomarkers and novel therapy targets 
is essential to enhancing PAH patients' quality of life 
and survival. 

Osteoarthritis (OA) is a medical condition 
characterized by several clinical and pathological 
features, including joint pain, stiffness of articular 
joints, tenderness, occasional redness, non-
inflammatory joint effusion, and hard nodular 
swelling in the affected articular joints [16]. 
Primary osteoarthritis, which primarily occurs in 
the adult population, can be due to aging, obesity, 
joint trauma, infection, and other articular and 

unusual skeletal malformations [17]. By contrast, 
secondary osteoarthritis, mostly seen in 
adolescents and children, can be caused by 
congenital, developmental, traumatic, infective, and 
articular and skeletal developmental deformities 
[18]. The main cause of OA is the degeneration of 
hyaline cartilage in articular joints, and the 
degeneration of subchondral bone, meniscus, 
synovial membrane, ligament, and joint capsule can 
also play critical roles in the initiation of OA [19]. 
Furthermore, the changes in intercellular substance 
and synovial fluid, as well as inflammation and 
immune inflammatory response within the whole 
joint, can also exert essential effects on the initiation 
and progression of OA [20]. 

The biological rationale for focusing on AD, 
PAH, and OA lies in their overlapping 
pathophysiological mechanisms, despite affecting 
different organ systems. Aging the primary risk 
factor for all three is fundamentally a state of 
chronic, low-grade systemic inflammation, often 
termed "inflammaging" [21]. This systemic milieu 
drives tissue-specific pathology but through shared 
molecular pathways. 

Specifically, excessive extracellular matrix 
(ECM) remodeling is a hallmark of OA [22], where it 
leads to cartilage degradation, and of PAH, where it 
contributes to vascular stiffening and fibrosis [23]. 
In AD, ECM dysregulation is increasingly recognized 
as a key component of perineuronal net dysfunction 
and blood-brain barrier breakdown [24]. 
Similarly, immune dysregulation is central to all 
three conditions: microglial activation drives 
neuroinflammation in AD [25], while infiltrating 
macrophages and T cells promote vascular 
remodeling in PAH and synovitis in OA [26,27].  

Based on this rationale, we hypothesized 
that convergent molecular signatures exist across 
AD, PAH, and OA and that these can be identified via 
integrative bioinformatics analysis of publicly 
available transcriptomic datasets. Accordingly, this 
study aimed to uncover common differentially 
expressed genes, shared biological pathways, and 
overlapping regulatory networks (miRNAs and 
transcription factors) that may serve as cross-
disease biomarkers or therapeutic targets. 
 
2. Materials And Methods 

 
2.1. Dataset Selection and Acquisition 

 
The National Center for Biotechnology 

Information Gene Expression Omnibus (NCBI-GEO) 
database (https://www.ncbi.nlm.nih.gov/geo/) 
provided the datasets utilized in this investigation. 
The selected datasets included samples from 
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individuals diagnosed with AD, OA, and PAH. 
Datasets were secreened based on the following 
inclusion criteria: availability of case-control data, 
relevance to human disease, and utilization of 
whole blood or peripheral blood mononuclear cells 

(PBMCs) for consistency across sample types. 
Comprehensive details for each dataset, such as the 
GEO accession number and tissue type, number of 
samples, experimental platform, and profiling 
method, is summarized in Table 1.

Table 1. GEO datasets that were examined in the research

 

2.2. Differential Gene Expression Analysis 
 
Gene expression data were analyzed 

independently using GEO2R, an online analysis tool 
that employs limma-based statistical approaches to 
identify significant differences in gene expression 
between disease and control groups. Differentially 
expressed genes (DEGs) were defined using 
stringent criteria of |log₂ fold change (log₂FC)| > 1 
and an adjusted p-value < 0.01. Genes with log₂FC > 
1 were classified as upregulated, whereas those 
with log₂FC < −1 were classified as downregulated. 
Each dataset (GSE97760 for AD, GSE63359 for OA, 
and GSE703 for PAH) was analyzed separately to 
generate disease-specific DEG lists. Overlapping 
DEGs among AD, PAH, and OA were identified by 
comparing these three independent DEG lists using 
Venn diagram analysis 
(https://bioinfogp.cnb.csic.es/tools/venny/). Beca
use the data were never combined, inter-platform 
batch effects do not confound the identification of 
shared molecular signatures. Box plot 
visualizations for each dataset were generated to 
confirm proper data normalization and distribution 
within each platform (Supplementary Figure 1). 
 
2.3. Analyzing Protein-Protein Interaction (PPI) 
Networks and Finding the Top 5 Hub Genes 

 
The Search Tool for the Retrieval of 

Interacting Genes/Proteins (STRING) database was 
employed to generate a protein–protein interaction 
(PPI) network for the shared DEGs. Only 
interactions with a confidence score of ≥ 0.4 were  
 

retained. The PPI network was visualized and 
further analyzed using Cytoscape software. Hub 
genes were identified using the CytoHubba plugin 
based on the Maximal Clique Centrality (MCC) 
algorithm, and the top five genes with the highest 
MCC scores were defined as key hub genes. 

 
2.4. Functional Enrichment Analysis 

 
Gene Ontology (GO) and Kyoto Encyclopedia 

of Genes and Genomes (KEGG) pathway enrichment 
analyses were performed to functionally annotate 
the identified DEGs using the Database for 
Annotation, Visualization, and Integrated Discovery 
(DAVID; https://david.ncifcrf.gov/) [28]. 
Enrichment analyses focused on biological 
processes (BP), molecular functions (MF), cellular 
components (CC), and key signaling pathways. 
Enrichment analyses were performed using DAVID 
with the 13 shared DEGs as input. Because of the 
small number of input genes, multiple test 
correction (e.g., FDR) was not applied; nominal p-
values < 0.05 were considered statistically 
significant. 

 
2.5. Regulatory Network Construction: TFs and 
miRNAs 

 
To elucidate the transcriptional and post-

transcriptional regulation of DEGs, transcription 
factor (TF)-gene interactions were predicted using 
the TRRUST v2 database. MicroRNA (miRNA)-
target interactions were identified using the 
miRTarBase database. A comprehensive TF-
miRNA-DEG network was constructed using 

“GEO ID” “Tissue type” “Disease” “Case-control 
group” 

“Experiment Type” “Platform” 

GSE97760 Blood AD 9 Case - 10 
Contr26 

“Expression profiling 
by array” 

“Agilent-039494 
SurePrint G3 
Human GE v2 

8x60K Microarray 
039381” 

GSE63359 PBMC Osteoarthritis 46 Case – 26 
Control 

“Expression profiling 
by array” 

“Affymetrix Human 
Genome U133A 

Array” 
GSE703 PBMC PAH 14 Case – 6 

Control 
 

“Expression profiling 
by array 

“Affymetrix Human 
Full Length 

HuGeneFL Array” 

https://david.ncifcrf.gov/
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NetworkAnalyst 3.0 [29,30,31]. This integrative 
approach highlights key regulatory nodes and their 
control over shared disease mechanisms.  
 
3. Results 

 
3.1. Identification of DEGs 

 
Comparative transcriptomic analysis of gene 

expression datasets from AD, PAH, and OA 
identified 13 common DEGs shared across all three 
conditions. Differentially expressed genes were 
determined based on a stringent threshold of |log₂ 
fold change| > 1 and an adjusted p-value < 0.01, 

where genes with log₂FC > 1 were considered 
upregulated and those with log₂FC < −1 were 
considered downregulated. The identified shared 
DEGs included CDKN1C, UGCG, CNGB1, TNK1, ORM1, 
SERPING1, C2, CCIN, PIK3R1, CD28, PPP3R1, MGAT5, 
and MMP9. The overlap of DEGs among AD, PAH, 
and OA is illustrated in the Venn diagram shown in 
Figure 1. Among the 13 shared DEGs, expression 
patterns were consistent across all three diseases 
for five genes: CDKN1C, ORM1, 
and MMP9 (upregulated); TNK1 (downregulated). 
The remaining eight genes showed discordant 
regulation across diseases (Table 2).

 

 
Figure 1. Venn diagram depicting common and disease-specific differentially expressed genes (DEGs) in AD, 
PAH, and OA. AD: Alzheimer’s Disease, PAH: Pulmonary Arterial Hypertension, OA: Osteoarthritis. 
 

Table 2. Common DEGs between AD, PAH and OA 
 

Gene symbol                      AD PAH OA 
 P-value Log2FC P-value Log2FC P-value Log2FC 
CDKN1C 5.22e-05 2.109 6.80e-03 2.020 2.24e-09 1.81 
UGCG 7.32e-04 2.235 1.00e-03 -1.615 1.16e-04 -2.41 
CNGB1 4.66e-04 2.87 6.00e-04 1.220 2.70e-03 -1.13 
TNK1 1.64e-02 -1.895 5.00e-03 -1.364 4.57e-04 -3.47 
ORM1 1.83e-04 1.182 1.28e-06 1.279 4.98e-03 1.70 
SERPING1 3.05e-04 3.500 1.08e-04 1.367 5.27e-04 -2.82 
C2 2.07e-02 -2.188 5.71e-04 1.368 3.7e-03 1.27 
CCIN 8.33e-04 2.047 6.58e-04 -1.02 7.74e-05 -1.38 
PIK3R1 9.48e-04 1.865 4.00e-02 -1.652 3.78e-04 -4.06 
CD28 9.54e-04 1.856 1.54e-03 -1.179 7.35e-04 -2.21 
PPP3R1 5.83e-05 -1.418 1.87e-03 1.315 2.63e-03 -2.38 
MTAG5 6.30e-02 -3.561 3.49e-03 2.77 1.27e-04 2.12 
MMP9 7.16e-04 2.268 3.49e-03 1.196 6.19e-04 2.13 

 
3.2. Construction and Analysis of the PPI 
Network to Identify Hub Genes 

 
The STRING database was used to construct a 

PPI network of the 13 DEGs. The network was 

analyzed in Cytoscape to identify hub genes based 
on degree centrality. The top five hub genes were 
ORM1, SERPING1, PIK3R1, MMP9, and C2 (Figure 2). 
These hub genes demonstrated critical roles in 
mediating interactions within the network, 
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highlighting their potential as central regulators in 
the shared molecular mechanisms underlying AD, 
PAH, and OA. 

 
Figure 2. Protein-protein interaction (PPI) network of the 13 shared DEGs across AD, PAH, and OA. (A) PPI 
network of the 13 shared differentially expressed genes (DEGs) across AD, PAH, and OA. The network was 
constructed using the STRING database (confidence score ≥ 0.4) and visualized with Cytoscape. Nodes 
represent proteins encoded by the shared DEGs, and edges indicate predicted interactions. (B) Subnetwork 
highlighting the top five hub genes (MMP9, PIK3R1, SERPING1, ORM1, and C2) identified by the CytoHubba 
MCC algorithm. These hub genes are shown with their interconnected relationships. 
 
3.3. Functional Enrichment Anaysis 

 
GO and KEGG enrichment analyses were 

performed to characterize the functional relevance 
of the shared DEGs (Table 3). GO BP analysis 
revealed significant enrichment in complement 
activation (classical pathway), negative regulation 
of apoptotic process, and PI3K/AKT signal 

transduction. GO CC analysis showed enrichment in 
collagen-containing extracellular matrix, tertiary 
granule lumen, extracellular exosome, extracellular 
region, and platelet alpha granule lumen. KEGG 
pathway analysis identified significant enrichment 
of the PD-L1/PD-1 checkpoint pathway, T cell 
receptor signaling pathway, and 
lipid/atherosclerosis pathways. 

 
Table 3. The KEGG pathways and the top GO keywords (BP, MF, CC) for shared DEGs among AD, OA, and PAH 
 

Category Term Genes p-value 

GOTERM_BP “Complement activation, classical pathway” SERPING1, C2 2.9e-2 
GOTERM_BP “Negative regulation of apoptotic process” CD28, MMP9, PIK3R1 3.9e-2 
GOTERM_BP “Phosphatidylinositol 3-kinase/protein kinase 

B signal transduction” 
CD28, PIK3R1 4.5e-2 

GOTERM_CC “Collagen-containing extracellular matrix” MMP9, ORM1, SERPING1 2.1e-2 
GOTERM_CC “Tertiary granule lumen” MMP9, ORM1 3.2e-2 
GOTERM_CC “Extracellular exosome” MGAT5, C2, MMP9, ORM1, 

SERPING1 
3.3e-2 

GOTERM_CC “Extracellular region” MGAT5, C2, MMP9, ORM1, 
SERPING1 

3.4e-2 

GOTERM_CC “Platelet alpha granule lumen” ORM1, SERPING1 3.9e-2 
KEGG 
PATHWAY 

“PD-L1 expression and PD-1 checkpoint 
pathway in cancer” 

CD28, PIK3R1, PPP3R1 3.5e-3 

KEGG 
PATHWAY 

“T cell receptor signaling pathway” CD28, PIK3R1, PPP3R1 6.3e-3 

KEGG 
PATHWAY 

“Lipid and atherosclerosis” MMP9, PIK3R1, PPP3R1 1.9e-2 
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3.4. Identification of TFs and miRNAs 
 
Figure 3 presents the integrated network of TFs, 

miRNAs, and DEGs identified across AD, PAH, and OA. 
The network highlights the complex regulatory 
interactions driving the similar molecular processes that 
underlie various illnesses. Whole list of miRNAs are 
listed in Supplementary Table 1. miRNA-DEG network 
visualizes predicted interactions between hub genes (red 
circles) and their regulatory miRNAs (blue squares) 
(Figure 3). The miRNA-DEG network (Figure 3) revealed 

that hsa-miR-335-5p was the most connected miRNA 
(degree 6), targeting six hub genes (MMP9, SERPING1, 
CDKN1C, CNGB1, UGCG, C2). hsa-miR-17-5p (degree 4) 
targeted CD28, PIK3R1, UGCG, and PPP3R1. Eleven 
miRNAs (including hsa-miR-128-3p, hsa-miR-204-5p, 
hsa-miR-20a-5p, hsa-miR-93-5p, and hsa-miR-106b-5p) 
each had degree 3, primarily targeting CD28, UGCG, and 
PPP3R1. Additionally, hsa-miR-21-5p, hsa-miR-29b-3p, 
and hsa-miR-16-5p (degree 2) targeted MMP9, PIK3R1, 
and TNK1, respectively. The complete list of miRNAs is 
provided in Supplementary Table 1. 

 
Figure 3. miRNA-DEG regulatory network. The network illustrates predicted interactions between hub genes 
and their regulatory microRNAs (miRNAs). Hub genes are represented as red circles, and miRNAs are 
represented as blue squares. miRNA-target interactions were retrieved from the miRTarBase database and 
visualized using NetworkAnalyst 3.0 

The TF-DEG network demonstrates predicted 
interactions between transcription factors (green 
quadrangles) and hub genes (red circles) (Figure 4). 
The most connected transcription factor was SP1 
(degree 3, targeting CD28, UGCG, and MMP9), 

followed  by ETS1, NFKB1, and RELA (degree 2 each, 
targeting CD28 and MMP9). Thirty-three additional 
TFs had degree 1, primarily targeting MMP9 or 
CDKN1C (Supplementary Table 1). 

 
Figure 4. Transcription factor (TF)-DEG regulatory network. The network shows predicted interactions between hub 
genes and their regulatory transcription factors. Hub genes are represented as red circles, and transcription factors are 
represented as blue quadrangles. TF-gene interactions were retrieved from the TRRUST database and visualized using 
NetworkAnalyst 3.0.  
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The integrated TF-miRNA-DEG network 
combines the regulatory elements from Figures 3 
and 4, visualizing the interconnected interactions 
among TFs, miRNAs, and hub genes (Figure 5). The 
integrated network (Figure 5) identified EGR1 and 
NFE2L1 as the top transcription factors (degree 4 
each), targeting PIK3R1, PPP3R1, C2, CD28 (EGR1) 

and C2, MMP9, PIK3R1, SERPING1 (NFE2L1). 
POU3F2, USF1, and CTCF had degree 3. Among 
miRNAs, hsa-miR-221, hsa-miR-222, hsa-miR-93, 
and hsa-miR-15a were the most connected (degree 
3 each). Complete lists are provided in 
Supplementary Table 1. 

 

 
Figure 5. Integrated TF-miRNA-DEG regulatory network. The network combines transcriptional and post-
transcriptional regulatory interactions. Hub genes are represented as red circles, miRNAs as blue squares, and 
transcription factors as green quadrangles.  

 
4. Discussion 
 

This study suggests the existence of shared 
molecular mechanisms underlying AD, PAH, and 
OA, three pathologically distinct conditions. The 
identification of 13 common DEGs across all three 
diseases highlights a potential convergence of 
molecular dysregulation that may contribute to 
disease progression in a multimorbid aging 
population. 

Key findings from the functional enrichment 
analysis point to immune dysregulation, 
inflammation, ECM remodeling, and dysregulated 
signaling pathways as central themes linking these 
disorders. The involvement of inflammatory 
processes emerged as a significant commonality 
across the three conditions. SERPING1 and C2, 
integral components of the complement system, 
may play roles in immune dysregulation in disease 
progression. Chronic inflammation, a hallmark of 
OA, manifests in synovial tissues, leading to 
cartilage degradation [20]. In AD, 
neuroinflammation exacerbates 
neurodegeneration, largely mediated by the 

activation of microglia and cytokine production [9]. 
Similarly, in PAH, inflammatory signals have been 
suggested to contribute to vascular remodeling and 
endothelial dysfunction, as observed in increased 
macrophage infiltration and proinflammatory 
cytokine levels [12].  

ECM remodeling, driven by genes like MMP9, 
appears to play a role across the three conditions. 
MMP9 degrades ECM components, facilitating 
pathological changes in tissue structure. 
Dysregulation of MMP9 has been implicated in 
cartilage degradation in OA, disruption of the blood-
brain barrier in AD, and vascular remodeling in PAH 
[13,32]. Its dual role as both a mediator of repair 
and a contributor to pathology underscores the 
importance of context-specific modulation. 

Functional enrichment analysis further 
revealed the involvement of signaling pathways, 
particularly the PI3K/AKT pathway, mediated by 
the PIK3R1 gene. The PI3K/AKT pathway regulates 
cell survival, proliferation, and metabolic 
adaptation, and its dysregulation has been linked to 
pathological remodeling processes. For example, in 
PAH, hyperactivation of PI3K/AKT has been 
reported to drive endothelial cell proliferation and 



International Journal of  Digital Health & Patient Care – 2026, 3(1), 16-26 
 

 

                 23  

 
 

resistance to apoptosis [10]. In AD, it may 
contribute to neuroprotection but could potentially 
exacerbate tau hyperphosphorylation under 
pathological conditions [5], while in OA it appears 
to be involved in chondrocyte survival and 
inflammatory responses [32].   

From a therapeutic perspective, identifying 
these shared pathways suggests potential avenues 
for developing multi-targeted therapies. For 
instance, modulating MMP9 activity might 
simultaneously address ECM remodeling in OA, 
vascular remodeling in PAH, and blood-brain 
barrier disruption in AD [35]. Similarly, targeting 
components of the complement system, such as 
SERPING1 and C2, could potentially mitigate the 
inflammatory cascades common to these diseases, 
reducing neurodegeneration in AD, joint damage in 
OA, and vascular inflammation in PAH (STAT3 
regulation; NF-κB involvement in CD28 [32,33].  

The integrated network identified EGR1, 
NFE2L1, and SP1 as key transcription factors, and 
hsa-miR-335-5p and hsa-miR-17-5p as top miRNAs. 
Emerging evidence suggests that miR-335-5p 
regulates extracellular matrix remodeling and 
inflammatory responses, processes central to the 
pathogenesis of OA and PAH [33,34]. In 
osteoarthritis, miR-335-5p has been shown to 
modulate chondrocyte senescence, inflammation, 
and autophagy [34,35]. In PAH, it appears to inhibit 
vascular smooth muscle cell proliferation and 
migration, and regulates right ventricular 
remodeling [35,36]. While direct evidence in 
Alzheimer's disease is currently limited, its role in 
inflammation and ECM remodeling raises the 
possibility of relevance to neuroinflammatory and 
blood-brain barrier dysfunction. Hsa-miR-17-5p 
has been implicated in all three diseases. In AD, it 
has been proposed as a potential biomarker 
targeting synaptic signaling pathways [37]. In PAH, 
it has been found to promote vascular smooth 
muscle proliferation via PTEN and p21 targeting 
[38]. Our finding that hsa-miR-335-5p is a top 
miRNA regulator in PAH is consistent with a 
previous in silico study that identified the same 
miRNA as a key regulator targeting hub genes 
including TLR4 and CCL5 in PAH [39]. In OA, it may 
protect against cartilage degradation by inhibiting 
EZH2 and matrix-degrading enzymes [40]. These 
findings are consistent with our network analysis 
identifying hsa-miR-17-5p as a key regulator 
(degree 4) targeting CD28, PIK3R1, UGCG, and 
PPP3R1. 

The integrated network identified EGR1, 
NFE2L1, and SP1 as key transcription factors. EGR1 
is a validated regulator of AD pathology, reducing 
tau phosphorylation and Aβ synthesis in mouse 
models [41]. Given EGR1's known role in vascular 

pathologies, its presence in our network suggests 
potential cross-disease relevance to PAH and OA 
that warrants further investigation. 

Additionally, well-established regulators 
such as STAT3, NF-κB, hsa-miR-21, and hsa-miR-
106b were also identified with lower degrees. These 
regulators form a complex network of 
transcriptional and post-transcriptional controls 
that may act synergistically to drive disease 
progression. For example, NF-κB, a master 
regulator of inflammation, was predicted to target 
CD28, suggesting a potential link to T-cell signaling 
and apoptotic regulation. 

From a therapeutic standpoint, the 
identification of these common pathways suggests 
potential opportunities for developing cross-
disease strategies. Targeting inflammatory 
mediators (e.g., SERPING1, C2), matrix-degrading 
enzymes (MMP9), or key signaling hubs (PIK3R1) 
could be explored for novel interventions with 
broad applicability across neurodegenerative, 
cardiovascular, and musculoskeletal disorders. 
Such an approach may be particularly relevant for 
elderly patients who often suffer from multiple 
chronic diseases simultaneously. 

While the study offers a robust bioinformatics 
framework, experimental validation is required to 
confirm the biological relevance of these DEGs and 
pathways. Future research should include 
functional assays, such as RNA interference or 
CRISPR-based gene editing, to determine the 
mechanistic roles of the identified genes in disease 
progression. Additionally, preclinical studies should 
evaluate the efficacy of targeting these shared 
mechanisms in animal models. 

Overall, this integrative in silico analysis 
suggests that AD, PAH and OA share a common 
molecular landscape characterized by immune 
activation, extracellular matrix remodeling, and 
dysregulated PI3K/AKT signaling. Hub genes such 
as MMP9, PIK3R1, and SERPING1 appear to act as 
central mediators within these shared pathways, 
linking inflammatory responses to tissue 
remodeling and disease progression across distinct 
organ systems. These findings support the concept 
that age-related chronic diseases may arise, in part, 
from convergent molecular mechanisms rather 
than isolated pathological processes. While the 
present study is based on computational analyses of 
publicly available datasets, it provides a biological 
rationale for future experimental and clinical 
investigations aimed at validating these shared 
targets and exploring their relevance for cross-
disease therapeutic development 
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5.Conclusion  
 

In this study, an integrative in silico 
bioinformatics framework was employed to 
investigate shared molecular mechanisms linking 
Alzheimer’s disease, pulmonary arterial 
hypertension, and osteoarthritis using publicly 
available digital transcriptomic data. The analysis 
identified a common set of differentially expressed 
genes and highlighted key hub genes, including 
MMP9, PIK3R1, SERPING1, ORM1, and C2, that may 
converge on immune regulation, complement 
activation, extracellular matrix remodeling, and 
PI3K/AKT signaling pathways. Regulatory network 
analysis further revealed transcription factors and 
microRNAs that may coordinate these shared 
molecular processes, underscoring the complexity 
of cross-disease regulation. 

By leveraging digital health analytics and 
large-scale patient-derived datasets, this study 
demonstrates the potential of integrative 
bioinformatics can uncover convergent molecular 
signatures across clinically distinct chronic 
diseases. These shared signatures could provide a 
foundation for the development of data-driven 
biomarkers and may inform precision medicine 
approaches aimed at improving patient 
stratification and therapeutic targeting, particularly 
in populations affected by multimorbidity. 
However, experimental validation is required to 
confirm the biological and clinical relevance of 
these findings, the present work highlights the 
potential of digital health–enabled molecular 
analysis to inform cross-disease research and 
enhance patient care. 
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