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Background: Parkinson’s disease (PD) is a complex, common neurodegenerative disorder with unclear etiology. The pathogenic hallmark is the death of dopaminergic neurons in the substantia nigra. PD diagnosis depends on clinical manifestation of symptoms but is lack of effective biomarker.

Methods: Available human microarray-based transcriptomic datasets of the substantia nigra and blood were acquired for PD cases and controls. Robust rank aggregation and Weighted Gene Co-expression Network analysis were performed to identify gene signatures in substantia nigra and blood of PD. An overlapping analysis and validation in an independent cohort were followed to identify PD blood biomarkers.

Results: Eight datasets of substantia nigra and 3 datasets of blood were retrieved, which comprised 150 substantia nigra and 571 blood samples. Integrated differentially expressed genes (DEG) and module analyses showed that the substantia nigra gene signature in PD comprised 170 key genes, mainly involved in dopaminergic synapse, neuroactive ligand-receptor interaction, calcium signaling pathway, and Parkinson disease. The blood gene signature had only 65 DEGs, but with no robust co-expression module identified. Two genes, LRRN3 and TUBB2A, were both downregulated in the substantia nigra and blood of PD. But only TUBB2A was validated in the blood of independent cohort and showed a capacity of PD prediction.

Conclusion: The present study identified PD-associated gene signatures of the substantia nigra and blood, and demonstrated that the reduced expression of TUBB2A in the blood is promising to predict PD. Our findings provide novel insight into the mechanisms underlying PD pathophysiology and the development of PD biomarkers.
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Introduction

Parkinson’s disease (PD) is a common and complex neurodegenerative disease pathologically characterized by the progressive death of dopaminergic neurons in the substantia nigra and the formation of α-synuclein-enriched Lewy bodies. The majority of PD is sporadic with elusive etiology, but highly likely attributes to both genetic susceptibilities and environmental exposures (Zhang et al., 2025). There are at least 90 genetic risk loci for PD as disclosed in a meta-analysis of genome-wide association studies in European ancestry (Nalls et al., 2019), with similarities and differences across different ethnicities (Zou et al., 2018; Foo et al., 2020; Pan et al., 2023). Pronounced environmental contributors include pesticides and traumatic brain injury that aggravate PD risk, and tobacco and coffee that are protective against PD (Ross et al., 2000; Ascherio et al., 2006; Thacker et al., 2007; Tanner et al., 2011; Gardner et al., 2015). Several mechanisms have been considered to be key driving PD pathogenesis and progression, including α-synuclein-centered abnormal protein misfolding and aggregation, mitochondrial dysfunction, and altered cellular trafficking and degradation (Morris et al., 2024). However, key genes that are abnormally expressed in PD and involved in these mechanisms still await further identification.

Current diagnosis of PD particularly relies on manifestations of motor symptoms including resting tremor, rigidity and bradykinesia (Bloem et al., 2021). However, about 50% of fragile dopaminergic neurons in the substantia nigra pars compacta have died by the time the symptoms can be clinically evaluated (Fearnley and Lees, 1991; Perju-Dumbrava et al., 2012), suggesting that early biomarkers are highly important for PD. Some prodromal signs such as sleep and smell dysfunctions have indeed been confirmed preceding the motor symptoms. However, regardless a variety of progresses that have been made, no effective biomarkers have been clinically proven, either by imaging, by biochemical testing in tissues or fluids, or using the prodromal signs (Bloem et al., 2021). Therefore, new efforts are still much needed in search of potential PD biomarkers.

It is always critical to understand how gene expression changes in the pathologic locus of the patients. Increased and repeated attention should be paid to such data particularly in PD because obtaining substantia nigra samples is much difficult. There have been a number of microarray-based transcriptomic datasets of the substantia nigra. We herein aimed to integrate these datasets to unveil the substantia nigra gene signature in PD for understanding new mechanisms. Meanwhile, blood may reflect certain pathological changes in the brain. We additionally acquired and analyzed microarray-based blood datasets to find blood biomarkers that reflect changes in the substantia nigra and validated them in an independent cohort.



Materials and methods


Microarray-based transcriptomic data extraction

Microarray-based transcriptomic datasets were searched and downloaded from Gene Expression Omnibus database1 by using keywords “Parkinson*” or “PD”. The searching deadline was December 15, 2023. Studies using human substantia nigra and whole blood were obtained with the following inclusion criteria: (1) including both PD cases and controls; (2) performed by microarray; (3) a minimum of total sample size for substantia nigra reached 10 samples, and for blood reached 30 samples.



Data processing and differential analysis

Data were converted and standardized using the R (version 4.3.0). Identifications corresponding to the probe names were aligned to standard gene symbols. The converted data were further processed using the limma package of the Bioconductor package2. Fold changes (FCs) were calculated and sorted with log2FC. Robust rank aggregation3 was performed to integrate two or more datasets for identification of differentially expressed genes (DEGs) (Kolde et al., 2012).



Weighted Correlation Network analysis

Weighted Correlation Network analysis (WGCNA) was performed using the R package “WGCNA” to identify gene modules that were mostly correlated with PD (Langfelder and Horvath, 2008). In detail, the function “cutreeStatic” was used to cluster samples to test the heterogeneity of the samples in the dataset. The “PickSoftThreshold” function (Parameter Settings: minimum scale-free topology fit index r2, 0.8) was employed to determine the best soft thresholds to identify the co-expression module. The module and sample feature correlation heatmap, and module and sample feature hierarchical clustering map were constructed to determine the key module that had the highest correlation coefficient with disease.



Functional enrichment and protein-protein interaction analyses

Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG) functional enrichment, and protein-protein interaction (PPI) network analysis were performed using Metascape4. When the PPI network contained 3–500 proteins, the Molecular Complex Detection (MCODE) algorithm was applied to identify densely connected network components. Each MCODE component was applied with pathway and process enrichment analysis, where the best-scoring term ranked by P-value was retained as the functional description of the corresponding component.



Subjects

Whole blood samples were collected from a total of 99 Han Chinese individuals, comprising 49 sporadic PD patients (28 men and 21 women, 67.1 ± 8.7 years old) and 50 controls (23 men and 27 women, 66.5 ± 8.2 years old). All subjects were from the Second Affiliated Hospital of Wenzhou Medical University. The patients were diagnosed by two movement disorder neurologists in accordance with the UK Parkinson’s Disease Society Brain Bank Criteria. Patients were assessed with the scale and recorded for disease duration. Patients with a family history of PD were excluded. Patients with Hoehn and Yahr stage ≤ 2 were considered as early PD. The control subjects were free of neurological disorders by medical history, physical and laboratory examinations. All participants provided written informed consent. The study was approved by the ethics committee of the Second Affiliated Hospital and Yuying Children’s Hospital of Wenzhou Medical University (No. LCKY201712).



Real-time PCR

Total RNA was prepared by two times of extraction using TriPure reagent (1667165001, Roche, Indianapolis, IN, United States), and reverse-transcribed to cDNA using the PrimeScript™ RT reagent Kit (RR047A, Takara, Dalian, China). Real-time PCR was performed using a 20 μL reaction system (FastStart Essential DNA Green Master; 06924204001; Roche) in CFX Connect™ (Bio-Rad Laboratories, Hercules, CA, United States). The operating procedure was 95°C for 10 min, 40 cycles of 95°C for 10 s, 60°C for 15 s, and 72°C for 20 s, and a final extension at 72°C for 10 min. Primer pairs were 5′-CCC TTC GGC CAG ATC TTC AG-3′ and 5′-TGC CAG AGG GAA AGT GAA CA-3′ for TUBB2A, 5′-GCC TGC CGA CTG AGA AAA AG-3′ and 5′-GCA TGA TGC TTG AAA AGC AGT T-3′ for LRRN3, and 5′-TGG CAC CCA GCA CAA TGA A-3′ and 5′-CTA AGT CAT AGT CCG CCT AGA AGC A-3′ for ACTB. The mRNA levels were expressed as 2–ΔCT following normalization to their respective ACTB. Levels under detection limit were given a value of zero.



Statistical analysis

Statistical analysis was performed using the R (version 4.3.0). Visualizations of results were performed using the online platforms at5 6. Differences in gender and age between patients and controls were assessed using χ2-test and t-test, respectively. After normality analysis using Shapiro-Wilk test, differences in mRNA expression were evaluated using Mann-Whitney U-test for comparisons between two groups or Kruskal-Wallis test for comparisons among three groups. Receiver-operating characteristic (ROC) curve analysis was performed to determine the specificity and sensitivity, and area under the ROC curve (AUC) was calculated as an accuracy index for evaluating the diagnostic performance. Spearman’s rank correlation coefficient was calculated to estimate the association between mRNA levels and disease duration. Values were expressed as medians with standard deviation or interquartile range. Difference was considered statistically significant when the P-value was < 0.05.




Results


Acquisition of microarray-based transcriptomic datasets

Following the inclusion criteria, a total of 11 qualified transcriptomic datasets of PD cases and controls were obtained, including 8 sets of substantia nigra and 3 sets of blood. The 8 datasets of the substantia nigra were GSE7621, GSE26927, GSE43490, GSE20163, GSE20292, GSE20333, GSE20164, and GSE49036, which contained a total of 82 PD patients and 68 controls. The datasets of the blood were GSE99039, GSE6613 and GSE72267, containing a total of 297 patients and 274 controls (Table 1).


TABLE 1 Summary of the GEO datasets used in the bioinformatics analyses.
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Transcriptomic analyses of the substantia nigra

The threshold for robust rank aggregation was arbitrarily set at | log2FC| > 0.3 and P < 0.05. A total of 264 DEGs, including 82 up-regulated genes and 182 down-regulated genes, were acquired from the 8 datasets of substantia nigra (Figure 1A and Supplementary Table 1). Notably, almost 70% of DEGs were downregulated, among which tyrosine hydroxylase (TH), solute carrier family 18 member A2 (vesicular monoamine transporter 2; SLC18A2/VMAT2), solute carrier family 6 member 3 (dopamine transporter; SLC6A3/DAT), aldehyde dehydrogenase 1 family member A1 (ALDH1A1), and dopa decarboxylase (DDC) are involved in dopamine metabolism and transportation.
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FIGURE 1
Transcriptional analysis of the substantia nigra in PD. (A) Volcano plot of DEGs. (B) Top 20 enriched biological processes of up-regulated and down-regulated DEGs. (C) Sankey dot plots for KEGG pathway enrichment of up-regulated and down-regulated DEGs. (D) Protein-protein interaction network. (E) Identification of MCODE components. DEGs were selected based on | log2FC| > 0.3 and P-value < 0.05. DEG, differentially expressed gene; FC, fold change; MCODE, Molecular Complex Detection; PD, Parkinson’s disease.


GO analysis showed that regulation of protein kinase activity, positive regulation of apoptotic process, positive regulation of immune response, and extracellular matrix organization were among top 20 enriched biological processes of upregulated DEGs. In contrast, downregulated DEGs were mainly enriched in trans-synaptic signaling, modulation of chemical synaptic transmission, behavior, regulation of membrane potential, calcium-ion regulated exocytosis, and regulation of cytosolic calcium ion concentration (Figure 1B). KEGG pathway enrichment analysis revealed that upregulated DEGs were significantly enriched in antigen processing and presentation, Fc gamma R-mediated phagocytosis, and osteoclast differentiation, while downregulated DEGs were enriched in Parkinson disease, calcium signaling pathway, synaptic vesicle cycle, dopaminergic synapse, and axon guidance (Figure 1C).

To analyze the interactions of DEGs and obtain the hub genes related to PD, we constructed a PPI network and obtained the subnetworks. Among the 264 DEGs, a total of 38 DEGs including 11 upregulated and 27 downregulated fitted into the PPI network complex (Figure 1D). Results showed that these DEGs were mainly enriched in the processes such as presynapse, axon, trans-synaptic signaling, anterograde trans-synaptic signaling, chemical synaptic transmission, and synaptic signaling (Supplementary Table 2). Five MCODE networks were identified (Figure 1E), where component genes were involved in pathways and processes such as protein refolding, monoatomic ion channel complex, plasma membrane protein complex, synaptic vesicle, and cell cortex (Table 2).


TABLE 2 Top 3 GO terms enriched in the MCODE networks.1
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WGCNA and gene signature of the substantia nigra in PD

To explore genes closely associated with PD, WGCNA was employed to identify important modules, construct a gene co-expression network, and filter hub genes. As recommended by the WGCNA developer, using only DEGs as input before network construction can bias the results (Sanchez-Baizan et al., 2022). Each gene has a score of median absolute deviation (MAD), which is a robust statistic to quantify the variability of gene expression. Genes with higher MAD scores indicate greater variability across samples, while those with lower scores are less affected by disease or phenotype. We selected top 10,000 genes based on the MAD scores as in previous studies (Xu et al., 2022; Li et al., 2023), to ensure meaningful co-expression relationships and to reduce the noise of genes with low variability. Sample clustering analysis for quality control showed that GSM506020 was an outlier sample, and the remaining samples could be used for WGCNA workflow (Supplementary Figure 1A). The correspondence between correlation coefficients and mean connectivity under different thresholds values was measured. Results showed that the soft threshold value was 3 when the r2 was set at 0.8 (Figure 2A). Subsequent hierarchical clustering tree of all selected genes identified 15 distinct co-expression modules (MEs; assigned to different colors), with the largest module containing 3,280 genes (MEturquoise) and the smallest module containing 33 genes (MEcyan; Figure 2B and Supplementary Table 3). Genes that did not belong to any module were automatically assigned to the gray module. Amongst, 10 MEs were significantly correlated with PD, and MEblue, MEgreen, and MEred were top 3 correlated ones. The MEblue (r = –0.48, P = 7e-10; containing 2,221 genes) and MEgreen (r = –0.37, P = 4e-06; 268 genes) were negatively correlated with PD, while the MEred (r = 0.3, P = 2e-04; 210 genes) was positively correlated with PD (Figure 2C). Results of genetic significance for each module also supported that the MEblue, MEgreen and MEred had the highest correlation with PD (Supplementary Figure 1B).
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FIGURE 2
Weighted gene co-expression modules analysis of the substantia nigra in PD. (A) Scale free topology model fit index and mean connectivity for different soft thresholds. (B) Hierarchical clustering dendrogram of identified co-expressed genes in modules. (C) Heatmap of the correlation between module eigengenes and disease. Each cell contains a specific correlation index and P-value. (D-F) Scatter plots of module membership and gene significance in MEblue (D), MEgreen (E) and MEred (F). r, correlation coefficient; PD, Parkinson’s disease.


To identified key module genes in the substantia nigra of PD patients, the correlations between modules and gene expression profiles were calculated. Results showed that the gene significance and module membership in MEblue, MEgreen, and MEred were decently correlated (Figures 2D-F). To better understand the biological pathways and processes in which the key module genes might be involved, we performed functional enrichment analysis using Metascape. Results showed that most of the biological functions were different in the genes of the three modules (Supplementary Figures 1C-E). The MEblue genes were significantly enriched in synaptic signaling, Parkinson disease, and behavior; the MEgreen genes were particularly enriched in transport, catabolism and signal transduction processes, such as autophagy, phosphatidylinositol signaling system, Golgi vesicle transport, and vesicle-mediated transport; the MEred genes were involved a variety of biological processes, such as myelination, lipid biosynthetic process, extracellular matrix organization.

Genes overlapped in the DEGs and key module genes from WGCNA were considered as the final key genes in the substantia nigra of PD. A total of 170 key genes were obtained in the substantia nigra gene signature, including 33 upregulated DEGs and 137 downregulated DEGs (Figure 3A and Supplementary Table 4). The MEblue module had most of the key genes, that is 159, while the MEred and MEgreen had only 8 and 3 key genes, respectively (Figure 3A). KEGG enrichment analysis showed that the key genes were enriched in pathways of both expected and potential novel, such as the well-known tyrosine metabolism, calcium signaling pathway, dopaminergic synapse, synaptic vesicle cycle, and Parkinson disease, and the less expected neuroactive ligand-receptor interaction, gap junction, PPAR signaling pathway, and Fc gamma R-mediated phagocytosis (Figures 3B,C). These pathways were further classified into nine subclasses under five major groups. Amongst, signaling molecules and interaction, signal transduction, and neurodegenerative disease were top 3 enriched subclasses with the largest number of enriched genes (Supplementary Table 5), suggesting an extensive dysregulation of signaling pathways. Noteworthy, TH, dopamine receptor 2 (DRD2), SLC6A3/DAT, SLC18A2, tubulin beta 2A (TUBB2A), tubulin alpha 4A (TUBA4A), and tubulin beta 3 (TUBB3) were the 7 key genes enriched in the Parkinson disease pathway (Figure 3C). The alterations in the expression profiles of these 7 genes were plotted in PD patients and controls, and Spearman correlation coefficients between expression of each gene were calculated. Results showed that the expression correlations were all reduced in PD patients compared to controls except between TUBB2A and TUBB3 or SLC6A3, suggesting a significant dysregulation of these genes in PD (Figure 3D).
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FIGURE 3
Identification of key genes in the substantia nigra of PD patients. (A) Upset plot and Venn diagram of numbers of common genes between DEGs and MEblue-, MEgreen-, or MEred-associated genes. (B) Classified KEGG pathways of the key genes. The number represents the count of enriched genes. (C) Chord diagram of partial enriched KEGG pathways. (D) Correlation analysis and distribution of the key genes in the Parkinson disease pathway. Presented are correlation matrix (upper triangle), scatter plot (lower triangle) and density plot (diagonal panel) between the key genes, histogram (bottom) and box plot (right) of data distribution of the genes, and bar chart (bottom right) of the control and PD numbers; ***P < 0.001. Con, control; DEG, differentially expressed gene; rs, Spearman correlation coefficient; PD, Parkinson’s disease.




Transcriptomic analyses and WGCNA of the blood

A total of 65 DEGs were obtained, including 31 upregulated and 34 downregulated, after integration of the 3 datasets of blood (| log2FC| > 0.3 and P < 0.05; Figure 4A and Supplementary Table 6). Ribosomal protein S4 Y-linked 1 (RPS4Y1) and human leukocyte antigen DQ alpha 1 (HLA-DQA1) were the most upregulated and downregulated genes, respectively. Annotation analysis showed that the DEGs in the blood were enriched in processes such as positive regulation of cellular catabolic process, hemopoiesis, and axon guidance (Figure 4B).


[image: image]

FIGURE 4
Integrated analysis of gene expression in the whole blood of PD and controls. (A) Volcano plot of DEGs in the blood. (B) Sankey dot plot of enriched KEGG pathways of DEGs. (C) Scale free topology model fit index and mean connectivity for different soft thresholds. (D) Hierarchical clustering dendrogram of identified co-expressed genes in modules. (E) Heatmap of the correlation between module eigengenes and disease. Each cell contains a specific correlation index and P-value. DEGs were selected based on | log2FC| > 0.3 and P-value < 0.05. DEG, differentially expressed gene; FC, fold change.


The blood datasets were also subjected to WGCNA. Sample clustering analysis for quality control showed that GSM153508, GSM2630862 and GSM2631049 were outlier samples, and were excluded from WGCNA (Supplementary Figure 2A). The soft threshold value was 12 when the r2 was set at 0.8 (Figure 4C). A total of six MEs were obtained, of which only MEyellow was significantly associated with PD (Supplementary Figures 2B,C), but the correlation was weak (r = –0.093, P = 0.03; containing 173 genes; Figures 4D,E and Supplementary Table 7). Therefore, we considered all the 65 DEGs as the key genes in the blood gene signature in PD for subsequent analysis. Spearman correlation analysis revealed significant expression correlations between some of the DEGs in controls. However, these correlations were partially remodeled in PD patients, such as lost correlations between HBD and PLEKHN1, as well as new correlations between BMX and MMP9 (Figure 5). This remodeling indicates that the coordinated expressions between genes are significantly disturbed in PD.
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FIGURE 5
Correlation networks of DEGs in the blood of controls and PD patients. Each line has an absolute Spearman rank correlation. Degree represents the number of other nodes connected to each node. Golden lines represent positive correlation (rs ≥ 0.5, P < 0.05); gray dotted lines represent negative correlation (rs ≤ –0.5, P < 0.05). DEGs were selected based on | log2FC| > 0.3 and P-value < 0.05. DEG, differentially expressed gene; rs, Spearman correlation coefficient; PD, Parkinson’s disease.




Overlap analysis of the substantia nigra and blood key genes and validation for PD blood biomarker

To analyze whether the pathological changes of gene expression in the substantia nigra were reflected in the blood, which would be good candidates for PD prediction, we performed an overlap analysis between the key genes of the substantia nigra and blood. Results revealed 2 genes, leucine rich repeat neuronal 3 (LRRN3) and TUBB2A, which were both down-regulated in PD patients (Figure 6A). The log2FC of LRRN3 were –0.606 (P = 0.0277) and –0.401 (P = 0.0002), and of TUBB2A were –0.639 (P = 0.0159) and –0.489 (P = 0.0053), respectively in the substantia nigra and blood of PD (Figure 6B).
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FIGURE 6
Identification of TUBB2A as a blood biomarker for PD. (A) Venn diagram of the overlapped genes between the substantia nigra and whole blood datasets. (B) Raincloud plot of LRRN3 and TUBB2A expression in the substantia nigra and blood between PD and controls. Boxplots represent medians with interquartile range; violin diagrams represent the distributions of the data. (C) Expression levels of LRRN3 and TUBB2A between controls and total PD patients. (D) Expression levels of LRRN3 and TUBB2A in controls, early and late PD patients. Data are medians with interquartile range. (E) Prediction performance of TUBB2A for total and early PD. n = 49 total, 36 early and 13 late PD patients, and 50 controls. AUC, the area under the receiver operating characteristic curve; H-Y, Hoehn-Yahr scale; PD, Parkinson’s disease.


To validate LRRN3 and TUBB2A as potential blood biomarkers for PD, we measured mRNA expression levels of these two genes in the blood of an independent cohort comprising 49 sporadic PD patients and 50 control subjects (Table 3). Age and sex of the two groups were matched (P > 0.05). Consistent with the above results, mRNA levels of TUBB2A were significantly lower (P = 0.0003) in the blood of PD patients than in the controls (Figure 6C). The TUBB2A expression was also different among early and late cases and controls (P = 0.001), but the difference mainly resided between cases and controls, but not between cases of different stage (Figure 6D). In contrast, LRRN3 expression did not differ between cases and controls, or among early and late cases and controls (Figures 6C,D). As a note, the average expression of TUBB2A was around 48 times higher than that of LRRN3 as shown in controls. ROC curve analysis demonstrated a decent PD prediction of TUBB2A, with AUC of 0.716 (95% CI, 0.606-0.825) and 0.711 (95% CI, 0.609-0.813), respectively in early and total PD (Figure 6E and Supplementary Table 8). However, no correlation was found between TUBB2A expression and disease duration in both early and total cases (Supplementary Figure 3).


TABLE 3 Demographic and clinical characteristics of PD patients and controls.
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Discussion

Both molecular mechanisms and biomarkers are much needed in PD to further understand its pathophysiological processes and improve clinical diagnosis. In this study, we acquired 11 qualified microarray datasets of the substantia nigra and whole blood of PD patients and controls, which comprised 150 substantia nigra and 571 blood samples. Following data integration, DEG analysis, WGCNA and functional analyses, we identified gene signatures of the substantia nigra and blood in PD and the disturbed biological pathways, particularly in the substantia nigra. Two converged genes from the substantia nigra and blood were found and validated using an independent cohort. The reduction of blood TUBB2A expression could potentially be a novel biomarker for PD (Figure 7).
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FIGURE 7
Flow chart summary of the study. Ctrl, control; DEG, differentially expressed gene; FC, fold change; PD, Parkinson’s disease; WGCNA, Weighted Correlation Network analysis.


Integrated analysis of multi-center datasets helps to identify more reliable disease-associated driver genes. The downregulated DEGs in the substantia nigra are mainly involved in biological processes such as calcium signaling pathway, dopaminergic synapse, and trans-synaptic signaling, modulation of chemical synaptic transmission, emphasizing that disturbance of calcium homeostasis and synaptic dysfunction are key mechanisms of PD pathogenesis (Stern et al., 2022; Zhang et al., 2022). Some of the genes, including TH, SLC18A2, SLC6A3, ALDH1A1, and DDC, are involved in dopamine metabolism and transportation. Interestingly, the upregulated DEGs were significantly enriched in immune- and cell death-associated pathways, which are in line with the increased neuroinflammation and the loss of dopaminergic neurons in PD. In this study, gene expression datasets were from multiple independent microarray platforms, which may have differences in probe design, detection sensitivity, and genome coverage. This heterogeneity likely leads to high variations in gene expression after integration with robust rank aggregation. Therefore, we herein used the raw P-values to maximize the capture of DEGs, although using adjusted P-value is theoretically more appropriate when performing large scale expression analysis.

In addition to the DEG analysis, WGCNA is a highly robust and systematic method used in transcriptomics for revealing gene networks and hub genes connected to disease-specific modules (Langfelder and Horvath, 2008). Herein, three independent modules are disclosed to be robustly correlated with PD, two negatively and one positively. The genes in these modules may play a key role in the pathogenesis and progression of PD and are the most clinically relevant for subsequent analyses. Indeed, further analyses of DEGs and genes in these modules lead to identification of key signature in the substantia nigra of PD, which comprise a total of 170 key genes. These genes are involved in expected pathways such as dopaminergic synapse, calcium signaling pathway, and Parkinson disease, and also enriched in several potentially new pathways such as neuroactive ligand-receptor interaction, gap junction, and Fc gamma R-mediated phagocytosis. These pathways highlight that a variety of signaling molecules and interactions are disrupted in the substantia nigra during PD pathogenesis. For the genes identified in the Parkinson disease pathway, TH, DRD2, SLC18A2/VMAT2, and SLC6A3/DAT are well-known in PD for their roles in dopamine homeostasis including synthesis, signal receiving, storage and release, and reuptake (Venda et al., 2010); three tubulin genes, TUBA4A, TUBB2A, and TUBB3, are involved in microtubule-mediated axon outgrowth and maintenance, and vesicle trafficking (Lasser et al., 2018; Sferra et al., 2020), and mutations of these genes have been identified to cause neurological disorders (Chakraborti et al., 2016). The expression correlations between these 7 genes are mostly reduced in the patients, suggesting that both dopamine homeostasis and microtubule function are severely disturbed in PD.

Compared to those in the substantia nigra, only 65 DEGs are found in the blood, with RPS4Y1 and HLA-DQA1 as the most up-regulated and down-regulated genes, respectively. Interestingly, RPS4Y1 is a Y-chromosome linked gene, while polymorphisms of HLA-DQA1 have been reported to be associated with PD risk (Pandi et al., 2021; Yu et al., 2021). Results of WGCNA show no meaningful module correlated with PD, suggesting that the changes of gene expression in the blood do not really participate in PD pathogenesis, but more likely are certain consequences. That may explain why finding effective PD biomarkers in the blood has been difficult. Nonetheless, human blood is a feasible surrogate for brain tissue and offers unique advantages such as ease of sample collection, cost, and scalability (Lawton et al., 2020; Yazar et al., 2023). We thus analyzed whether there are changes of gene expression in the substantia nigra being reflected in the blood by real-time PCR. Generally speaking, Western blot is more appropriate to evaluate protein expression, while real-time PCR measures mRNA expression. Both are mature techniques. The sensitivity of Western blot analysis often relies on the antibody and the quantity of loading. In comparison, real-time PCR has its advantages for analyzing a large number of human blood samples, for instance, using a less volume of samples, less time-consuming, cheaper, and with higher detection sensitivity in general.

The integrated overlapping analysis, which presumably would remove noise signal and increase accuracy of targeting, indeed leads to two genes, LRRN3 and TUBB2A. TUBB2A accounts for approximately 30% of all β-tubulins in human brains (Leandro-Garcia et al., 2010), and participates in the axonal transport of synaptic vesicle precursors through its interaction with kinesin (Sferra et al., 2018). LRRN3 is involved in neural development and maintenance and its polymorphisms may be associated with autism spectrum disorder (Haines et al., 2005; Sousa et al., 2010). LRRN3 has been previously noted as a potential biomarker for PD (Guo et al., 2023). However, our independent cohort only validates that expression of TUBB2A, but not of LRRN3, is remarkably reduced in the blood of PD. Noteworthy, TUBB2A is relative abundantly expressed in the blood, which could be an advantage as a molecular biomarker. With AUC over 0.7, TUBB2A is at least a promising candidate for combined biomarker development, as it has been considered that a single form of biomarker is nearly impossible to predict PD and a combination of multiple measurements may be required for a success (Kalia and Lang, 2015).

In summary, our integrated analyses of microarray-based transcriptomes identified gene signatures of the substantia nigra and blood in PD and the associated biological processes and pathways primarily in the substantia nigra. Followed overlapping analysis and independent validation demonstrated that the reduced expression of TUBB2A in the blood is promising to predict PD. Our findings provide novel insight into the mechanisms underlying PD pathophysiology and the development of PD biomarkers.
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