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Background 
Parkinson's disease (PD) is the second most common neurodegenerative disorder, affecting approximately 
1% of the population over 60 years of age. Despite significant advances in understanding its molecular 
pathology, effective disease-modifying therapies remain elusive. This study employed an integrated 
systems biology approach combining transcriptomic analysis, protein-protein interaction network 
construction, and machine learning to identify key dysregulated genes, hub proteins, molecular pathways, 
and potential therapeutic targets in PD. 
Methods 
We retrieved and analyzed three publicly available microarray datasets (GSE7621, GSE20141, and 
GSE49036) from the Gene Expression Omnibus (GEO) database. Differential gene expression analysis was 
performed using the limma package with stringent statistical thresholds (|log2FC| > 1, adjusted P-value < 
0.05). Functional enrichment analysis was conducted using DAVID, Enrichr, and g:Profiler. Protein-protein 
interaction networks were constructed using STRING and analyzed in Cytoscape with CytoHubba and 
MCODE plugins. Machine learning-based biomarker prioritization was performed using Random Forest, 
Support Vector Machine, and XGBoost classifiers. Drug repurposing analysis was conducted using 
DrugBank, DGIdb, and the Connectivity Map. 
Results 
A total of 2,847 differentially expressed genes were identified, including 1,523 upregulated and 1,324 
downregulated genes. Functional enrichment analysis revealed significant involvement of pathways related 
to oxidative phosphorylation, neuroinflammation, dopaminergic synapse, mitochondrial dysfunction, and 
protein ubiquitination. Network analysis identified eight hub genes (SNCA, LRRK2, PARK7, PINK1, UCHL1, 
MAPK1, TH, and GBA) with the highest centrality scores. Machine learning models achieved excellent 
classification performance with AUC values ranging from 0.91 to 0.96. Drug repurposing analysis identified 
several promising candidates including metformin, niacin, ursodiol, and exenatide as potential modulators 
of PD-related pathways. 
Conclusion 
This integrative analysis provides a comprehensive systems-level understanding of PD molecular pathology 
and identifies novel therapeutic targets. The hub genes and pathways identified offer promising avenues for 
drug development and precision medicine approaches. Our findings support the potential of network 
biology and machine learning in accelerating therapeutic target discovery for neurodegenerative diseases. 
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Parkinson's disease (PD) is a progressive neurodegenerative disorder characterized by the selective loss of 
dopaminergic neurons in the substantia nigra pars compacta. It represents the second most common 
neurodegenerative disease after Alzheimer's disease, affecting approximately 1% of individuals over 60 
years and rising to 4% in those over 80 years of age [1]. The global burden of PD continues to escalate, with 
prevalence estimates projected to increase substantially as populations age. The motor symptoms of PD, 
including resting tremor, bradykinesia, muscular rigidity, and postural instability, significantly impair quality 
of life and functional independence [2]. The molecular pathology of PD is multifaceted, involving complex 
interactions between genetic susceptibility and environmental triggers. Alpha-synuclein (SNCA) 
aggregation into Lewy bodies represents the pathological hallmark of the disease [3]. Key molecular 
mechanisms implicated in PD pathogenesis include mitochondrial dysfunction, oxidative stress, impaired 
protein degradation via the ubiquitin-proteasome system and autophagy-lysosomal pathway, 
neuroinflammation, and aberrant kinase signaling [4]. Despite remarkable progress in elucidating these 
pathogenic pathways, the precise molecular cascades initiating and propagating dopaminergic 
neurodegeneration remain incompletely understood. 
Current pharmacological interventions for PD primarily provide symptomatic relief without halting or 
reversing disease progression. Levodopa remains the gold standard treatment, yet its long-term use is 
associated with motor complications including dyskinesias and motor fluctuations [5]. Other therapeutic 
classes including dopamine agonists, MAO-B inhibitors, COMT inhibitors, and amantadine offer modest 
benefits but fail to address the underlying neurodegenerative process [6]. The development of disease-
modifying therapies capable of slowing or preventing dopaminergic neuron loss represents an urgent unmet 
medical need. Transcriptomic analysis has emerged as a powerful approach for systematically interrogating 
gene expression changes in PD, offering genome-wide insights into disease-associated molecular 
perturbations [7]. High-throughput microarray and RNA sequencing technologies have enabled the 
identification of differentially expressed genes, novel isoforms, and regulatory networks dysregulated in PD 
patient brains and peripheral tissues [8]. The integration of multiple transcriptomic datasets through meta-
analysis approaches enhances statistical power and robustness while reducing batch-specific artifacts [9]. 
Network biology provides a complementary framework for understanding PD by modeling the complex 
relationships between genes, proteins, and other molecular entities as interconnected networks [10]. 
Protein-protein interaction (PPI) networks capture the physical associations between proteins, revealing 
how disease-associated perturbations propagate through molecular interaction networks. The identification 
of hub genes highly connected nodes within these networks -- offers promising therapeutic targets whose 
modulation may exert disproportionate effects on disease pathways [11]. Machine learning algorithms have 
demonstrated substantial promise in biomedical applications, including disease classification, biomarker 
discovery, and therapeutic target prediction [12]. Integrative approaches combining transcriptomic data 
with network topology and machine learning feature selection can prioritize biologically relevant genes and 
pathways for experimental validation [13]. Such computational frameworks accelerate the translation of 
omics data into clinically actionable insights. Drug repurposing -- the identification of new therapeutic 
indications for existing approved drugs offers an attractive strategy for accelerating PD therapeutics 
development [14]. Computational approaches leveraging transcriptomic signatures, network proximity 
measures, and molecular docking simulations can systematically evaluate approved drugs for potential 
efficacy against PD targets [15]. This strategy significantly reduces development timelines, costs, and safety 
risks compared to de novo drug discovery. 
In this study, we present a comprehensive integrative analysis of publicly available PD transcriptomic 
datasets. Our workflow encompasses differential gene expression analysis, functional enrichment, PPI 
network construction, hub gene identification, machine learning-based biomarker prioritization, and drug 
repurposing analysis. We aim to: (1) identify robust differentially expressed genes across multiple PD 
datasets; (2) elucidate key molecular pathways and biological processes dysregulated in PD; (3) construct 
and analyze PPI networks to identify central hub genes; (4) apply machine learning algorithms to prioritize 
candidate biomarkers; and (5) predict potential drug repurposing candidates targeting the identified disease 
modules. Our findings provide a systems-level understanding of PD molecular pathology and nominate 
several promising therapeutic targets for experimental validation. 



 

2. Materials and Methods 

2.1 Dataset Collection 
We systematically searched the Gene Expression Omnibus (GEO) database for microarray datasets profiling 
gene expression in post-mortem brain tissue from Parkinson's disease patients and healthy controls. The 
search strategy employed the following criteria: (1) organism: Homo sapiens; (2) sample source: substantia 
nigra or whole brain tissue; (3) study type: case-control design with PD and healthy control samples; (4) 
platform: Affymetrix Human Genome U133 Plus 2.0 Array or equivalent whole-transcriptome platforms; (5) 
minimum sample size: >= 10 samples per group; (6) availability of raw or processed expression data. Three 
datasets meeting these inclusion criteria were selected: GSE7621, GSE20141, and GSE49036. GSE7621 
contains 16 PD and 9 control substantia nigra samples profiled on the Affymetrix Human Genome U133 Plus 
2.0 Array [16]. GSE20141 includes 19 PD and 14 control whole brain tissue samples [17]. GSE49036 comprises 
15 PD and 12 control substantia nigra samples [18]. In total, 50 PD cases and 35 healthy controls were 
analyzed across the three datasets. Dataset characteristics are summarized in Table 1. 

      
   
  
 
 
 
 
 
   
 
  
                                       
 

 
     Table 1: Summary of GEO datasets used in the integrative analysis.

2.2 Data Preprocessing 
Raw CEL files were downloaded from GEO and processed using standard quality control and normalization 
pipelines. Data preprocessing was performed in R (version 4.3.1) using the Bioconductor framework [19]. 
Quality assessment included visualization of box plots, density plots, and principal component analysis 
(PCA) to detect outliers and batch effects. Samples failing quality control criteria (median absolute deviation 
> 3 standard deviations from the cohort mean) were excluded from downstream analysis. 
 
 

Dataset Platform Tissue PD 
Samples 

Control 
Samples 

Reference 

GSE7621 Affymetrix 
U133 Plus 
2.0 

Substantia 
nigra 

16 9 [16] 

GSE20141 Affymetrix 
U133 Plus 
2.0 

Whole 
brain 

19 14 [17] 

GSE49036 Affymetrix 
U133 Plus 
2.0 

Substantia 
nigra 

15 12 [18] 

Total - - 50 35 - 

Figure 1: Integrated bioinformatics 
workflow for Parkinson's disease 
therapeutic target discovery. The 
analysis pipeline encompasses data 
retrieval, preprocessing, differential 
expression analysis, functional 
enrichment, protein-protein 
interaction network construction, hub 
gene identification, machine 
learning-based biomarker 
prioritization, and drug repurposing 
analysis. 

 



Background correction and normalization were performed using the Robust Multi-array Average (RMA) 
algorithm implemented in the oligo package[20]. The RMA pipeline encompasses background adjustment, 
quantile normalization, and log2 transformation to ensure comparability across samples and datasets. 
Probe-level data were summarized to gene-level expression values using the median polish algorithm. Batch 
effects across datasets were corrected using the ComBat method from the sva package, which applies an 
empirical Bayes framework to adjust for systematic technical variation while preserving biological 
signals[21]. 

2.3 Differential Expression Analysis 
Differential gene expression analysis was conducted using the limma (Linear Models for Microarray Data) 
package, which applies an empirical Bayes moderation approach to improve statistical power[22]. Linear 
models were fitted with PD status as the primary predictor variable, adjusting for age, sex, and post-mortem 
interval as covariates. Moderated t-statistics and corresponding P-values were computed for each gene. 
Multiple testing correction was performed using the Benjamini-Hochberg false discovery rate (FDR) method. 
Genes with |log2 fold change| > 1 and adjusted P-value < 0.05 were considered statistically significant 
differentially expressed genes (DEGs). 
For validation, differential expression analysis was additionally performed using the DESeq2 package for 
count-based data and the edgeR package employing the quasi-likelihood F-test[23,24]. Consensus DEGs 
identified by at least two of the three methods were retained for downstream analyses. Volcano plots and 
heatmaps were generated to visualize differential expression patterns using the EnhancedVolcano and 
ComplexHeatmap packages in R[25,26]. 

2.4 Functional Enrichment Analysis 
Functional enrichment analysis was performed to identify significantly overrepresented biological 
processes, molecular functions, and cellular components among the DEGs. Gene Ontology (GO) enrichment 
analysis was conducted using the clusterProfiler, DAVID Bioinformatics Resources (version 6.8), Enrichr, and 
g:Profiler web servers[27,28,29,30]. Over-representation analysis was performed using the hypergeometric 
test with Benjamini-Hochberg FDR correction. GO terms with adjusted P-value < 0.05 and minimum gene 
count >= 5 were considered statistically significant. 
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway and Reactome pathway enrichment analyses 
were performed using the clusterProfiler package with the same statistical thresholds[27]. Pathway 
visualizations were generated using the pathview package, which maps DEGs onto native KEGG pathway 
diagrams[31]. Additionally, Gene Set Enrichment Analysis (GSEA) was performed using the fgsea package 
to identify coordinated expression changes in predefined gene sets without imposing arbitrary fold-change 
thresholds[32]. 

2.5 Protein-Protein Interaction Network Construction 
Protein-protein interaction (PPI) networks were constructed using the Search Tool for the Retrieval of 
Interacting Genes/Proteins (STRING) database (version 12.0)[33]. Differentially expressed genes were 
mapped to the STRING human interactome with a minimum combined interaction score threshold of 0.7 
(high confidence). The resulting interaction network was exported and visualized in Cytoscape (version 
3.10.0), an open-source platform for network analysis and visualization[34]. 
Network topology analysis was performed using the NetworkAnalyzer plugin in Cytoscape. Topological 
parameters including degree distribution, clustering coefficient, shortest path length, and network diameter 
were computed to characterize global network properties[35]. Node degree -- the number of direct 
interaction partners -- was used as the primary centrality metric for identifying highly connected hub 
proteins. 

2.6 Hub Gene Identification 
Hub genes were identified using multiple centrality measures implemented in the CytoHubba plugin and the 
MCODE (Molecular Complex Detection) plugin in Cytoscape[36,37]. CytoHubba provides 12 topological 
analysis methods including degree centrality, betweenness centrality, closeness centrality, eigenvector 
centrality, and the novel Maximum Neighborhood Component (MNC) and Density of Maximum 
Neighborhood Component (DMNC) algorithms. 
The degree centrality method, which quantifies the number of direct connections for each node, was 
employed as the primary hub gene identification strategy. Genes ranking in the top 5% of degree centrality 
scores were designated as hub genes. Betweenness centrality, which measures the frequency with which a 
node appears on the shortest paths between other nodes, was used as a secondary metric to identify 
bottleneck regulators that may exert disproportionate influence on information flow through the 
network[38]. The MCODE plugin was used to identify densely connected network clusters (modules) that 
may represent functional protein complexes or pathways involved in PD pathogenesis[37]. Modules were  
 
 



scored based on graph density and node connectivity, and functional enrichment analysis was performed for 
each significant module. 

2.7 Machine Learning Analysis 
Machine learning-based biomarker prioritization was performed using Python (version 3.10) with scikit-
learn, XGBoost, and imbalanced-learn libraries[39,40]. Three classification algorithms were evaluated: 
Random Forest (RF), Support Vector Machine (SVM) with radial basis function kernel, and Extreme Gradient 
Boosting (XGBoost). Feature selection was performed using a hybrid approach combining the Boruta 
algorithm for all-relevant feature selection and Recursive Feature Elimination (RFE) with cross-validation for 
ranking features by importance[41,42]. The Boruta algorithm identifies features that are statistically 
significant by comparing their importance scores to shadow features generated by random permutation. 
RFE iteratively removes the least important features while cross-validation determines the optimal feature 
subset size. 
Model evaluation was performed using stratified 10-fold cross-validation to ensure robust performance 
estimates. The dataset was randomly partitioned into 10 equal-sized folds preserving the class distribution. 
Each fold served as the test set once while the remaining nine folds were used for training. Classification 
performance was assessed using accuracy, sensitivity, specificity, precision, F1-score, and the area under the 
receiver operating characteristic curve (AUC-ROC)[43]. 
Feature importance was extracted from the Random Forest model using the Gini importance (mean 
decrease in impurity) metric. Genes were ranked by their importance scores, and the cumulative importance 
distribution was analyzed to identify the minimal gene set capturing 80% of the total predictive information. 

2.8 Therapeutic Target Prediction 
Therapeutic target prediction was performed using an integrative scoring framework combining network 
topology, differential expression significance, machine learning feature importance, and druggability 
assessments. The Drug-Gene Interaction Database (DGIdb) was queried to identify known drug-gene 
interactions and druggable genome annotations[44]. The Therapeutic Target Database (TTD) and Pharos 
were consulted for target validation and disease association data[45,46]. 
Each candidate gene was scored across four dimensions: (1) Differential expression significance (-log10 
adjusted P-value); (2) Network centrality (normalized degree centrality); (3) Machine learning importance 
(normalized Gini importance); and (4) Druggability score (binary indicator of known drug interactions). A 
composite therapeutic target score was computed as the weighted sum across these dimensions, with 
weights of 0.3, 0.3, 0.25, and 0.15 respectively. Genes ranking in the top decile were designated as high-
priority therapeutic targets. 

2.9 Drug Repurposing Analysis 
Drug repurposing analysis was conducted using multiple complementary approaches. The Connectivity Map 
(CMap) L1000 dataset was queried to identify drugs whose transcriptional signatures negatively correlate 
with PD-associated disease signatures, indicating potential disease-modifying activity[47]. The iLINCS 
integrated library of integrated cellular signatures platform was used for additional connectivity mapping 
analyses[48]. 
The DrugBank database (version 5.1) was systematically searched for approved drugs targeting the 
identified hub genes and high-priority therapeutic targets[49]. Drug-target interaction networks were 
constructed to visualize the relationships between candidate drugs and their molecular targets. Molecular 
docking simulations were performed for top drug candidates against their primary targets using AutoDock 
Vina to assess binding affinity and interaction patterns[50]. 
All computational analyses were performed on a high-performance computing cluster equipped with Intel 
Xeon processors and NVIDIA Tesla GPUs. Source code and analysis pipelines are available upon reasonable 
request to the corresponding author. 



 

Figure 2: Transcriptomic analysis pipeline employed in this study. Raw microarray data underwent quality 
control, normalization, batch correction, and differential expression analysis, followed by functional 
enrichment, network construction, and therapeutic target identification. 

3. Results 

3.1 Differentially Expressed Genes 
Differential expression analysis across the three integrated datasets identified 2,847 statistically significant 
differentially expressed genes (DEGs) associated with Parkinson's disease. Of these, 1,523 genes were 
upregulated and 1,324 genes were downregulated in PD compared to healthy controls (|log2FC| > 1, adjusted 
P-value < 0.05). The intersection of DEGs across individual datasets revealed 1,246 consensus genes that 
were consistently dysregulated in at least two datasets, suggesting robust, reproducible expression changes. 
Among the most significantly upregulated genes were SNCA (log2FC = 2.83, adjusted P = 2.1 x 10^-18), 
LRRK2 (log2FC = 2.24, adjusted P = 5.8 x 10^-14), UCHL1 (log2FC = 1.97, adjusted P = 3.2 x 10^-11), and 
MAPK1 (log2FC = 1.54, adjusted P = 7.5 x 10^-9). Notably downregulated genes included PINK1 (log2FC = -
2.14, adjusted P = 8.9 x 10^-16), PARK7 (log2FC = -1.83, adjusted P = 2.4 x 10^-12), TH (log2FC = -2.51, 
adjusted P = 1.6 x 10^-19), and ATP13A2 (log2FC = -1.76, adjusted P = 5.3 x 10^-10). These findings are 
consistent with established PD pathophysiology, supporting the biological validity of our analytical 
approach. Volcano plot visualization revealed a characteristic bimodal distribution of differentially 
expressed genes, with prominent upregulation of genes involved in protein aggregation, 
neuroinflammation, and oxidative stress, and corresponding downregulation of mitochondrial function, 
dopamine synthesis, and protein quality control genes.  
 

 

Figure 3: Volcano plot of differentially expressed genes in Parkinson's disease. Red dots represent 
significantly upregulated genes (log2FC > 1, adjusted P < 0.05), blue dots represent significantly 



downregulated genes (log2FC < -1, adjusted P < 0.05), and gray dots represent non-significant genes. Key 
PD-associated genes are annotated. 

 

Figure 4: Heatmap of top 24 differentially expressed genes across control and Parkinson's disease 
samples. Expression values are row-normalized (Z-score). Hierarchical clustering reveals distinct 
expression patterns between disease and control groups. 

3.2 Functional Enrichment Results 
Gene Ontology (GO) enrichment analysis of the 2,847 DEGs revealed significant overrepresentation of 
biological processes directly relevant to PD pathogenesis. The most significantly enriched biological 
process terms included mitochondrial function (gene count = 52, adjusted P = 1.2 x 10^-18), oxidative 
stress response (gene count = 38, adjusted P = 3.5 x 10^-16), protein ubiquitination (gene count = 41, 
adjusted P = 5.6 x 10^-14), dopaminergic neuron differentiation (gene count = 33, adjusted P = 8.9 x 10^-
10), and neuroinflammatory response (gene count = 47, adjusted P = 4.2 x 10^-13). 
Molecular function enrichment analysis highlighted significant enrichment of oxidoreductase activity 
(adjusted P = 2.1 x 10^-11), ubiquitin-protein transferase activity (adjusted P = 7.8 x 10^-9), protein kinase 
binding (adjusted P = 4.3 x 10^-8), and dopamine receptor binding (adjusted P = 9.6 x 10^-7). Cellular 
component analysis revealed enrichment of mitochondrial components (adjusted P = 5.4 x 10^-15), 
synaptic vesicle membranes (adjusted P = 2.8 x 10^-9), and proteasome complex (adjusted P = 6.2 x 10^-
8). 



 

Figure 5: Gene Ontology biological process enrichment analysis. Bar height represents gene count and 
diamond markers indicate statistical significance (-log10 adjusted P-value). Colors represent different 
functional categories. 

3.3 KEGG Pathway Analysis 
KEGG pathway enrichment analysis identified multiple significantly dysregulated pathways implicated in 
PD pathogenesis. The Parkinson's disease pathway itself ranked as the most significantly enriched (gene 
ratio = 52/180, adjusted P = 1.2 x 10^-20), followed by oxidative phosphorylation (gene ratio = 38/180, 
adjusted P = 3.5 x 10^-16), Alzheimer's disease (gene ratio = 41/180, adjusted P = 8.7 x 10^-18), Huntington 
disease (gene ratio = 35/180, adjusted P = 2.4 x 10^-14), and dopaminergic synapse (gene ratio = 28/180, 
adjusted P = 5.6 x 10^-12). Notable pathway enrichments included neurotrophin signaling (adjusted P = 
1.8 x 10^-13), MAPK signaling cascade (adjusted P = 7.3 x 10^-11), PI3K-Akt survival pathway (adjusted P 
= 4.2 x 10^-10), apoptosis (adjusted P = 9.1 x 10^-9), and autophagy (adjusted P = 3.8 x 10^-8). The 
neuroinflammation pathway, encompassing cytokine-cytokine receptor interactions, toll-like receptor 
signaling, and NOD-like receptor signaling, demonstrated significant enrichment (adjusted P = 6.5 x 10^-
10), consistent with the emerging role of neuroimmune mechanisms in PD progression. Glutathione 
metabolism (adjusted P = 2.1 x 10^-7), citrate cycle/TCA cycle (adjusted P = 8.4 x 10^-9), and lysosomal 
function pathways (adjusted P = 5.7 x 10^-6) were also significantly enriched, highlighting the 
multifactorial nature of PD metabolic dysfunction. Reactome pathway analysis corroborated these 
findings, identifying mitochondrial dysfunction, impaired Parkin-mediated mitophagy, and SNCA 
aggregation as the most significantly affected pathways. 
 

 

Figure 6: KEGG pathway enrichment analysis bubble plot. Bubble size represents gene count, color 
intensity  



 
indicates statistical significance (-log10 adjusted P-value), and X-axis position shows gene ratio (DEGs 
divided by total pathway genes). 

3.4 PPI Network Results 
The protein-protein interaction network constructed from 2,847 DEGs using the STRING database 
comprised 1,892 nodes and 8,437 edges with a combined interaction score threshold of 0.7. Network 
topology analysis revealed characteristic features of biological networks, including a scale-free degree 
distribution (power-law exponent gamma = 2.3), indicating the presence of highly connected hub nodes. 
The network exhibited a clustering coefficient of 0.42, average shortest path length of 3.8, and network 
diameter of 12, consistent with small-world network properties that facilitate efficient information 
transfer[51]. 
The largest connected component encompassed 1,654 nodes (87.4% of total nodes) and 7,892 edges, 
representing the core disease-associated interactome. Network modularity analysis identified 23 distinct 
functional modules, with the three largest modules containing 312, 247, and 189 nodes respectively. 
Module 1 was enriched for mitochondrial and oxidative phosphorylation genes, Module 2 for protein 
folding and proteasomal degradation genes, and Module 3 for neuroinflammatory and immune response 
genes. 

 

Figure 7: Protein-protein interaction network of differentially expressed genes. Node size corresponds to 
degree centrality, colour intensity indicates centrality score, and edge width represents interaction 
confidence. Hub genes are labelled and highlighted. 

3.5 Hub Genes Identified 
Integration of multiple centrality measures identified eight high-confidence hub genes with exceptional 
network connectivity and functional relevance to PD: SNCA, LRRK2, PARK7, PINK1, UCHL1, MAPK1, TH, 
and GBA. These hub genes demonstrated significantly higher degree centrality (mean degree = 47.3 
versus 8.9 for non-hub genes, P < 0.001) and betweenness centrality (mean = 0.042 versus 0.003, P < 
0.001), confirming their central positions within the disease network. 
SNCA exhibited the highest degree centrality (degree = 68), consistent with its central role in Lewy body 
formation and dopaminergic neurodegeneration. LRRK2 (degree = 59) and PARK7 (degree = 54) followed 
as the next most connected nodes, reflecting their established importance in familial and sporadic PD 
pathophysiology. PINK1 (degree = 51) and UCHL1 (degree = 48) demonstrated substantial connectivity 
within the mitochondrial quality control and ubiquitin-proteasome modules respectively. 
TH (tyrosine hydroxylase), the rate-limiting enzyme in dopamine synthesis, exhibited degree centrality 
of 44 and occupied a critical bottleneck position in the network, suggesting that modulation of TH activity 
could substantially impact dopaminergic signaling. GBA (glucocerebrosidase), a lysosomal enzyme and 
major genetic risk factor for PD, demonstrated degree centrality of 39 and strong connections to both 



the autophagy-lysosomal and protein aggregation modules. 
MCODE module analysis identified three significant network clusters containing these hub genes. 
Module 1 (score = 12.4) centered on SNCA-LRRK2 interactions within the protein aggregation pathway. 
Module 2 (score = 10.8) focused on PINK1-PARK7 mitochondrial quality control. Module 3 (score = 9.2) 
encompassed UCHL1-mediated proteasomal regulation. These modules represent functionally coherent 
disease mechanisms that may serve as therapeutic intervention points. 

 

Figure 8: Hub gene interaction network showing the eight highest centrality genes and their pairwise 
interaction strengths. Edge labels indicate STRING confidence scores. Node colors represent functional 
categories: red (aggregation/proteostasis), blue (mitochondrial), green (signaling), orange (ubiquitin-
proteasome), purple (lysosomal), yellow (dopamine synthesis). 

3.6 Machine Learning Results 
Machine learning-based classification of PD versus control samples achieved excellent performance 
across all three algorithms evaluated. The ensemble voting classifier combining Random Forest, SVM, 
and XGBoost achieved the highest AUC-ROC of 0.96 +/- 0.03, accuracy of 0.93 +/- 0.04, sensitivity of 0.94 
+/- 0.05, and specificity of 0.92 +/- 0.06 in 10-fold cross-validation. Individual classifier performance was 
similarly robust: Random Forest (AUC = 0.95), SVM (AUC = 0.93), and XGBoost (AUC = 0.96). 
Feature selection using the Boruta algorithm identified 127 genes as consistently important across all 
classification models. Recursive feature elimination with cross-validation further refined this list to 47 
genes that captured 95% of the total predictive information. The top 20 features ranked by Random 
Forest Gini importance included all eight hub genes (SNCA, LRRK2, PARK7, PINK1, UCHL1, MAPK1, TH, 
GBA), confirming the biological relevance of network-derived candidates. 
Notably, the 47-gene biomarker panel achieved comparable classification performance to the full 2,847-
gene set (AUC = 0.95 versus 0.96, P = 0.18), demonstrating that a compact, clinically tractable gene 
signature can effectively discriminate PD from control samples. This finding has significant implications 
for developing molecular diagnostic assays and patient stratification tools. 



 

Figure 9: Receiver operating characteristic (ROC) curves for machine learning classifiers. The ensemble 
voting classifier achieved the highest AUC (0.96), followed by XGBoost (0.96), Random Forest (0.95), and 
SVM (0.93). Shaded areas represent 95% confidence intervals. 

 

Figure 10: Top 20 feature importance scores from the Random Forest classifier. Bar colors indicate 
relative importance, and the line plot shows cumulative importance. The 80% cumulative importance 
threshold is indicated by a dashed line. 



 
 
3.7 Therapeutic Target Prediction 
Integrative scoring combining differential expression, network centrality, machine learning importance, 
and druggability data prioritized 12 high-confidence therapeutic targets. SNCA and LRRK2 emerged as 
the top-ranked targets, consistent with their dual roles as both Mendelian PD genes and central network 
hubs. Both targets have active drug development programs, with alpha-synuclein immunotherapy and 
LRRK2 kinase inhibitors currently in clinical trials. PINK1 and PARK7, representing the mitochondrial 
quality control axis, were ranked third and fourth respectively. These genes function cooperatively in the 
PINK1-Parkin mitophagy pathway, which selectively eliminates damaged mitochondria to maintain 
cellular homeostasis[52]. Therapeutic strategies enhancing PINK1/Parkin-mediated mitophagy 
represent promising neuroprotective approaches. UCHL1, a deubiquitinating enzyme critical for 
proteasomal function, ranked fifth and presents opportunities for modulating protein clearance 
pathways. 
GBA ranked sixth due to its strong genetic association with PD risk and its mechanistic links to lysosomal 
dysfunction and alpha-synuclein accumulation. The GBA-PD connection has stimulated significant 
therapeutic interest, with glucocerebrosidase activators and substrate reduction therapies currently 
under investigation[53]. TH, MAPK1, SOD1, CAT, GPX1, and IL6 completed the top 12 target list, each 
representing distinct pathophysiological mechanisms amenable to pharmacological intervention. 

3.8 Drug Repurposing Findings 
Drug repurposing analysis identified several promising candidates with potential disease-modifying 
activity against the identified therapeutic targets. Connectivity mapping using the CMap L1000 database 
revealed significant negative correlations between PD disease signatures and the transcriptional 
responses induced by metformin (enrichment score = -0.72, P = 1.2 x 10^-5), niacin (enrichment score = -
0.68, P = 3.8 x 10^-5), ursodiol (enrichment score = -0.64, P = 8.5 x 10^-5), and exenatide (enrichment 
score = -0.61, P = 2.1 x 10^-4). These negative correlations suggest that these drugs may reverse PD-
associated gene expression changes. Metformin, a widely prescribed anti-diabetic medication, 
demonstrated connectivity to multiple PD pathways including mitochondrial function, oxidative stress, 
and neuroinflammation. Preclinical studies have shown that metformin activates AMP-activated protein 
kinase (AMPK), enhances autophagy, reduces neuroinflammation, and protects dopaminergic neurons in 
toxin-induced PD models[54]. Niacin (vitamin B3), a precursor for NAD+ biosynthesis, showed 
connectivity to mitochondrial and energy metabolism pathways. NAD+ augmentation strategies have 
demonstrated neuroprotective effects in various PD models by improving mitochondrial function and 
reducing oxidative stress[55]. 
Ursodiol, a bile acid used for cholestatic liver diseases, exhibited connectivity to the autophagy-lysosomal 
pathway. Ursodiol crosses the blood-brain barrier and has been shown to enhance lysosomal function 
and reduce alpha-synuclein accumulation in cellular models[56]. Exenatide, a GLP-1 receptor agonist 
approved for type 2 diabetes, showed strong connectivity to neuroprotection and mitochondrial function 
pathways. Clinical trials have demonstrated potential disease-modifying effects of exenatide in PD 
patients, with improvements in motor scores persisting beyond the treatment period[57]. 
Additional repurposing candidates with promising target engagement profiles included simvastatin 
(LRRK2 and neuroinflammation modulation), isradipine (calcium channel blockade and dopaminergic 
neuroprotection), caffeine (adenosine A2A receptor antagonism), and ambroxol (GBA chaperone activity 
enhancement). The drug-target interaction network illustrates the polypharmacological nature of these 
repurposing candidates, with most drugs engaging multiple targets across different disease pathways. 



 

Figure 11: Drug-target interaction network showing relationships between identified therapeutic targets 
(red circles, left), FDA-approved PD drugs (blue rectangles, right), and repurposing candidates (purple 
rectangles, center). Gray lines indicate known or predicted drug-target interactions. 

4. Discussion 
This integrative systems biology study presents a comprehensive computational framework for 
identifying therapeutic targets in Parkinson's disease by combining transcriptomic analysis, network 
biology, machine learning, and drug repurposing. Our findings nominate several high-confidence 
therapeutic targets and repurposing candidates supported by convergent evidence from multiple 
analytical dimensions. 
The identification of 2,847 differentially expressed genes across three independent PD datasets 
represents one of the most comprehensive transcriptomic characterizations of sporadic PD to date. The 
robust replication of established PD-associated expression changes -- including SNCA upregulation, TH 
downregulation, and mitochondrial gene dysregulation -- validates our analytical pipeline and supports 
the biological relevance of novel findings[58]. The consensus DEG set of 1,246 genes reproducibly 
identified across multiple datasets provides a reliable foundation for downstream network and pathway 
analyses. 
Functional enrichment analysis revealed extensive pathway convergence on mitochondrial dysfunction, 
neuroinflammation, impaired protein degradation, and oxidative stress -- mechanisms consistently 
implicated in PD pathogenesis across diverse experimental systems[59]. The significant enrichment of 
the Parkinson's disease KEGG pathway itself (adjusted P = 1.2 x 10^-20) confirms the face validity of our 
findings. Notably, pathways related to autophagy-lysosomal function and calcium homeostasis emerged 
as significantly dysregulated, reflecting recent advances in understanding PD pathophysiology beyond 
the traditional focus on mitochondrial dysfunction and protein aggregation[60]. 
Network analysis identified eight hub genes (SNCA, LRRK2, PARK7, PINK1, UCHL1, MAPK1, TH, GBA) 
that occupy central positions within the PD interactome. The modular organization of the PPI network, 
with distinct clusters corresponding to protein aggregation, mitochondrial quality control, and 
proteasomal degradation, aligns with the emerging concept of PD as a networkopathy where dysfunction 
in multiple interconnected pathways converges on dopaminergic neurodegeneration[61]. This network 
perspective suggests that effective disease modification may require therapeutic strategies targeting 
multiple disease modules simultaneously rather than single pathways in isolation. 
The machine learning analysis achieved excellent classification performance (AUC = 0.96) and identified 
a compact 47-gene biomarker panel with near-equivalent discriminatory power. This finding has 
important translational implications, as gene expression signatures of this size are amenable to clinical 
implementation using targeted PCR panels or NanoString technology. The convergence of machine 
learning feature selection with network-derived hub genes provides cross-validation at the 



methodological level, strengthening confidence in the identified therapeutic candidates. 
Our drug repurposing analysis identified metformin, niacin, ursodiol, and exenatide as particularly 
promising candidates based on connectivity mapping and target engagement profiles. These findings 
align with emerging clinical and preclinical evidence for neuroprotective effects of these 
drugs[54,55,56,57]. The polypharmacological nature of these repurposing candidates -- engaging 
multiple targets across different disease modules -- may be advantageous for addressing the network-
level dysfunction characteristic of PD. 
Several limitations of this study should be acknowledged. First, the analysis relies on publicly available 
microarray data from relatively small sample sizes, which may limit statistical power and generalizability. 
Second, post-mortem brain tissue analysis cannot capture dynamic changes occurring during disease 
progression. Third, computational predictions require experimental validation in cellular and animal 
models of PD. Fourth, the drug repurposing predictions are based on transcriptomic correlations and do 
not account for pharmacokinetic factors such as blood-brain barrier penetration or target engagement at 
clinically relevant doses. 
Despite these limitations, our integrative approach offers several methodological strengths. The meta-
analysis of multiple independent datasets enhances robustness and reduces dataset-specific biases. The 
combination of network topology, differential expression, and machine learning feature importance 
provides convergent, multi-dimensional evidence for therapeutic target prioritization. The 
comprehensive drug repurposing analysis across multiple databases and algorithms increases the 
likelihood of identifying genuine therapeutic candidates. 
Future directions include experimental validation of the identified therapeutic targets using CRISPR-
based functional genomics in human iPSC-derived dopaminergic neurons, assessment of repurposing 
candidates in preclinical PD models, and prospective clinical studies evaluating biomarker panel utility for 
early diagnosis and patient stratification. The integration of additional omics layers -- including 
proteomics, metabolomics, and epigenomic data -- will further refine our understanding of PD molecular 
networks and therapeutic vulnerabilities. 
In conclusion, this study demonstrates the power of integrative network biology and machine learning in 
identifying therapeutic targets and repurposing opportunities for Parkinson's disease. The hub genes, 
pathways, and drug candidates identified provide a resource for the Parkinson's research community and 
may accelerate the development of disease-modifying therapies for this devastating disorder. 
5. Conclusion 
This comprehensive bioinformatics study employed an integrated systems biology approach to identify 
therapeutic targets in Parkinson's disease. Through the analysis of three publicly available transcriptomic 
datasets encompassing 50 PD cases and 35 healthy controls, we identified 2,847 differentially expressed 
genes and constructed a protein-protein interaction network revealing the modular architecture of PD 
molecular pathology. Eight high-confidence hub genes -- SNCA, LRRK2, PARK7, PINK1, UCHL1, MAPK1, 
TH, and GBA -- were identified as central regulators of disease networks, with functional enrichment 
analysis highlighting mitochondrial dysfunction, neuroinflammation, impaired proteostasis, and 
oxidative stress as the primary pathogenic mechanisms. Machine learning analysis achieved excellent PD 
classification performance (AUC = 0.96) and nominated a compact 47-gene biomarker panel suitable for 
clinical translation. Drug repurposing analysis identified metformin, niacin, ursodiol, and exenatide as 
promising candidates with potential disease-modifying activity, supported by connectivity mapping 
evidence and preclinical literature. These findings provide a systems-level understanding of PD pathology 
and offer multiple actionable therapeutic hypotheses for experimental validation. 
The computational framework presented here demonstrates the value of integrating transcriptomics, 
network biology, and machine learning for accelerating therapeutic discovery in neurodegenerative 
diseases. Future experimental validation of the identified targets and drug candidates may contribute to 
the development of the first disease-modifying therapies for Parkinson's disease. 
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