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Parkinson’s disease (PD) is the second most frequent neurogenic disease after Alzheimer’s disease. The clinical manifestations include mostly motor disorders, such as bradykinesia, myotonia, and static tremors. Since the cause of this pathological features remain unclear, there is currently no radical treatment for PD. Environmental and genetic factors are thought to contribute to the pathology of PD. To identify the genetic factors, some studies employed the Genome-Wide Association Studies (GWAS) method and detected certain genes closely related to PD. However, the functions of these gene mutants in the development of PD are unknown. Combining GWAS and expression Quantitative Trait Loci (eQTL) analysis, the biological meaning of mutation could be explained to some extent. Therefore, the present investigation used Summary data-based Mendelian Randomization (SMR) analysis to integrate of two PD GWAS datasets and four eQTL datasets with the objective of identifying casual genes. Using this strategy, we found six Single Nucleotide Polymorphism (SNP) loci which could cause the development of PD through altering the susceptibility gene expression, and three risk genes: Synuclein Alpha (SNCA), Mitochondrial Poly(A) Polymerase (MTPAP), and RP11-305E6.4. We proved the accuracy of results through case studies and inferred the functions of these genes in PD. Overall, this study provides insights into the genetic mechanism behind PD, which is crucial for the study of the development of this disease and its diagnosis and treatment.
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INTRODUCTION

Parkinson’s disease (PD) is the second most common degenerative disorder of the nervous system. As the incidence of this disease is strongly linked to age, approximately 1% of 65-year-olds has this disease, rising to 4–5% among aged 85 (Trinh and Farrer, 2013). Statistically, the rate of PD increases 5–10 times from the age of 60 to the age of 90 (Poewe et al., 2017). The main clinical manifestations are involuntary limb tremor, bradykinesia, walking difficulty, and stiff limbs, and these symptoms become aggravated with time. This causes that PD patients are peculiarly prone to falls on routine activities. The incidence of falls could reach 40–70% (Kerr et al., 2010). Falling can lead to injury and the decrease of survival for PD patients. Thus, the health and life of human beings, especially the elderly, are threatened by this disease.

There are two main pathologic characteristics of PD. One is the degeneration and death of dopamine neurons in the substantia nigra pars compacta of the midbrain and the consequent depletion of dopamine in the striatum (Ammal Kaidery and Thomas, 2018). Dopamine is synthesized by dopamine neurons, and then delivered to the striatum to regulate somatic motor (Schwarz and Peever, 2011). The other feature is the formation of acidophilic inclusions known as Lewy bodies in the cytoplasm of the remaining neurons in the substantia nigra (Feng et al., 2020). Although many studies have explored the pathological mechanism of PD, there is still no sufficient evidence to explain the degeneration of dopaminergic neurons and the formation of Lewy bodies, thus the current PD treatment approaches can only relieve symptoms with medication but cannot reverse this disease progression (Ball et al., 2019). Moreover, long-term treatment results in the development of drug resistance, and the available drugs have significant adverse effects. Therefore, it is urgent to understand the biological process leading to these pathological changes for the cure of PD.

Some studies revealed that both environmental and genetic factors contribute to the pathological features of PD. The main biological mechanism by which environmental factors can damage dopaminergic neurons involves the inhibition of the activity of mitochondrial complex enzymes and the mitochondrial respiratory chain (Holper et al., 2019). In addition to environmental factors, some patients may have inherited certain particular mutated gene that lead to the development of PD (Antony et al., 2013). Understanding what these genes do has crucial implications for understanding the changes in the biological processes underlying PD. Thus, it is necessary to reveal these mutant genes for conquering this disease.

A genome-wide association study (GWAS) identified more than 10 PD-causing genes (Nalls et al., 2014). GWAS is a strategy for identifying common genetic variants [Single Nucleotide Polymorphism (SNP)] significantly associated with a complex trait or a disease in the whole human genome, thus recognizing the disease-related genes (Cannon and Mohlke, 2018). In the results of GWAS analysis, most significant SNP sites were located in non-coding regions, making it difficult to directly explore the regulatory mechanism of these sites (Rojano et al., 2016). Thus, there are some PD risk genes revealed in many GWAS studies, what role do these genes play in the development of PD remains unknown.

The combined analysis of GWAS and expression Quantitative Trait Loci (eQTL) has become an important means to reveal the function of significant variants. Although GWAS have identified thousands of variants associated with complex traits, their biological explanation is often still unclear. Most of these variants overlap with eQTL, suggesting that they may be involved in the regulation of gene expression (Zhu et al., 2016). Genes associated with these variants could be regarded as PD causing-genes. This study exploited Summary data-based Mendelian Randomization analysis (SMR) to integrate and analyze the PD summary data of the GWAS with the summary data of eQTL, to explore the genetic mechanism by which certain disease-causing genes contribute to PD. The SMR analysis method does not require the data with both genotype and gene expression and a massive size. Thus, this approach could leverage the published data to a large extent. The statistical analysis of the relationship between a single SNP and gene expression is called the eQTL analysis (Shabalin, 2012). If the expression of a gene is affected by a SNP, then this genetic variant is considered as an eQTL locus. Since SNP is the subject of study in both GWAS and eQTL, SNP is used as an instrumental variable in the SMR method to determine which genes expression changes could lead to the occurrence of PD. Thus, the SMR analysis results may provide a direction for the treatment of PD.



MATERIALS AND METHODS


Data Acquisition

Two public summary datasets of GWAS for PD were downloaded from the GWAS catalog website. One of the GWAS datasets represented data from 282,871 white British inpatient samples reported by the UK Biobank. The UK Biobank is a cohort study collecting, physical, and health data of approximately 500,000 British individuals. For the purpose of this analysis, this dataset was named “GUB” (Bi et al., 2020). The other GWAS dataset is based on the genetic data of 28,568 PD patients obtained from International Parkinson’s Disease Genomics Consortium and was named “GIPD” (Blauwendraat et al., 2019). This data consists of Parkinson’s patients from European countries such as United Kingdom, Dutch, Finnish, and German. The present study also employed four eQTL datasets. EQTL data are generally collected from peripheral blood, thus one dataset is the summary level statistics of eQTL from the Consortium for the Architecture of Gene Expression (CAGE) data. It provides the measurements of the level of gene expression in peripheral blood. This dataset contains more than 3 million SNPs, identified by 33,323 probes. Since PD is a neurodegenerative disease, the second dataset includes the level of gene expression in brain tissue and includes information on 28,522 probes and more than 13 million SNPs. To explore whether PD is associated with other factors such as reduced immunity, we selected two sets of eQTL data sets for T cells. The remaining two datasets list the level of gene expression in CD4- and CD8-positive cells, respectively. CD4 and CD8 are both markers of T lymphocytes. The CD4 dataset includes more than five hundred thousand SNPs, measured by 7,350 probes, while the CD8 dataset includes more than three hundred thousand SNPs through using 5,829 probes.



SMR Analysis

Both GWAS and eQTL were used to investigate the relationship between SNP and traits or gene expression through linear regression analysis. In the regression analysis, the effect size (beta-value) corresponds to the value of the regression coefficient, while SE stands for the standard error of the regression coefficient. Then, the GWAS and eQTL data were standardized using the Z-score method, in which the Z was calculated as the quotient of the beta-value and the SE-value.

After computing the Z-score, we performed SMR analysis on an eQTL dataset and a GWAS dataset (Figure 1). Since SNPs are regarded as instrumental variables in SMR analysis, we identified the overlapped SNPs between an eQTL dataset and a GWAS dataset and then generated a new dataset including all eQTL and GWAS data of the overlapped SNPs. As a result, eight new datasets were obtained by this approach, and each of them was subsequently subjected to the SMR analysis. According to the formula,
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FIGURE 1. The Summary data-based Mendelian Randomization (SMR) analysis flow chart. One PD GWAS was integrated with each of eQTL data. After calculating TSMR and chi-square test, the significance of gene expression were discovered.


the Z values of GWAS and eQTL were used to calculate the TSMR value. The chi-square test was applied to the TSMR values to calculate their P values (PSMR). Each SMR dataset has a specific threshold. This threshold is calculated by dividing 0.05 by the number of probes in the corresponding eQTL dataset. If we find that some PSMR values are less than the threshold value of their data set, the genes corresponding to these PSMR can be considered as risk genes.



RESULTS


Identification of Overlapping SNPs

Since SNP is an instrumental variable, we searched for the same SNPs between a GWAS dataset and an eQTL dataset, generating eight new datasets (Table 1 and Supplementary Figures 1, 2). The results showed that both GUB_Brain and GIPD_Brain datasets contain more than 10 million overlapped SNPs and about 28, 000 genes. There are over two million SNPs and about 20,000 in GUB_Cage and the GIPD_Cage datasets. The other four data have fewer than half a million SNPs and about four to five thousand genes.


TABLE 1. The new dataset list for SMR analysis.

[image: Table 1]Subsequently, we compared the two datasets generated by using the same eQTL data and found that the genes overlapping between the two datasets accounted for about 98–100% of genes in each dataset, implying that the PD-associated genes identified in the two GWAS datasets are highly similar (Figure 2). Additionally, we analyzed the four datasets generated by the same GWAS dataset. This analysis showed that the overlap rate of the genes was not high among these datasets, with the largest overlap being less than 50% (Figure 3). Even though CD4 and CD8 are both markers of T lymphocytes, the gene overlap rate between the GUB_CD4 and GUB_CD8 datasets or between the GIPD_CD4 and GIPD_CD8 datasets were around 36%. This indicates a low degree of correlation between these eQTL datasets, which may be caused by the large differences in the number of SNPs found.
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FIGURE 2. (A) The overlap genes of the GUB_Brain and GIPD_Brain data. 28,142 genes were overlapped. (B) The overlap genes of the GUB_Cage and GIPD_Cage data. There were 19,691 overlapped genes. (C) The overlap genes of the GUB_CD4 and GIPD_CD4 data. These two datasets have 5,656 identical genes. (D) The overlap genes of the GUB_CD8 and GIPD_CD8 data. These two datasets have 4,528 identical genes.
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FIGURE 3. (A) The heatmap of the four GUB data. (B) The heatmap of the four GIPD data. The correlation of these four different eQTL datasets were compared under the background of the same GWAS dataset.




SMR Analysis

The SMR approach was employed to analyze the eight datasets. The PSMR value calculated was compared with the corresponding threshold value, and finally three risk genes were found (Tables 2, 3). As Supplementary Figure 3 shown, whether GUB GWAS or GIPD GWAS, the significant SNPs were only located on chromosome 4. However, the results of the SMR analysis showed that that GUB_Brain identified one target SNP locus associated with two genes: Mitochondrial Poly(A) Polymerase (MTPAP), RP11-305E6.4, which is located on chromosome 10. Coincidentally, GUB_Cage identified only this SNP locus, and the MTPAP gene associated with this SNP was also identified. Additionally, GIPD_Cage identified the highest number of the SNP sites of interest. These five SNPs were located on chromosome 4 and corresponded to the same Synuclein Alpha (SNCA) gene. However, the risk genes were not detected in the GIPD_Brain dataset. Similarly, based on Supplementary Figures 3E–H, no significant gene was identified for GUB _CD4, GUB _CD8, GIPD_ CD4, and GIPD_CD8 datasets, likely due to significantly lower p-values of CD4 and CD8 eQTL than those of the other two eQTL datasets. Thus, the SMR analysis of the 8 datasets identified a total of six candidate SNP loci and three genes, and the expression level of these three genes can affect the occurrence of PD.


TABLE 2. PSMR threshold for these eight SMR datasets.
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TABLE 3. Discovery of PD causative gene by the Summary data-based Mendelian Randomization (SMR) analysis for these eight datasets.
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Gene Function Analysis

Three candidate genes were SNCA, MTPAP, and RP11-305E6.4. To investigate how the expression of the three genes identified using SMR analysis contributes to the development of PD, we searched for their function in the KEGG database and related publications. The main pathological features of PD consist of the formation of Lewy bodies. The main component of the Lewy body is α-synuclein (α-syn) encoded by the SNCA gene. Mutation of this gene can cause the overexpression of α-syn, leading to the formation of Lewy bodies and hence the development of PD. The MTPAP gene encodes a nuclear polymerase responsible for generating homopolymerized (A) tails on mitochondrial mRNA. Although the search results did not reveal an evident relationship between this gene and PD, some studies show that mitochondrial dysfunction is involved in the pathogenesis of many neurodegenerative diseases, including PD. Abnormal mitochondrial structure or function has been found to induce a progressive loss of dopaminergic neurons and even trigger PD symptoms. Although the exact function of the polyadenylation of mitochondrial mRNA is unknown, the process is essential for maintaining correct mRNA expression in the mitochondria, and its disruption can lead to mitochondrial dysfunction. Therefore, the mutation of this gene may block the expression of MTPAP, causing mitochondrial dysfunction and leading to PD. The MTPAP gene is also known as PAPD1 or RP11-305E6.3, and another gene was found to be RP11-305E6.4. Both MTPAP and RP11-305E6.4 gene corresponds to the same SNP locus in this SMR analysis. This SNP may be localized in a non-coding gene regulatory region between these two adjacent genes. However, the function of this gene has not been identified yet, and its impact on PD remains unknown.



DISCUSSION

The SMR method was employed to integrate two GWAS datasets and four eQTL datasets. This approach identified six SNP candidate loci and three risk genes whose expression can significantly influence on the development of PD. The SNCA gene is the first confirmed pathogenic gene for PD (Lunati et al., 2018). It is located on chromosome 4 and contains six exons. The SNCA gene encodes the α-syn protein that is the main component of Lewy bodies (Mehra et al., 2019). α-syn is abundant in the brain and is also expressed in the heart, skeletal muscle, and other tissues. In the brain, α-syn is found primarily in presynaptic terminals, which release neurotransmitters essential for normal brain function. Mutation of the SNCA gene can cause the overexpression of the α-syn protein, leading to the formation of Lewy bodies and the development of PD. Different types of variations in the coding region and non-coding regions of the SNCA gene can increase its transcription and translation. The level of α-syn protein can also be increased by point mutation or copy number duplication of the SNCA gene (Kim, 2013). Moreover, in SNCA copy number repeat variation, the disease was more severe in the presence of the triploid type than the diploid type, indicating that the expression of α-syn may positively correlate with the severity of PD (Nussbaum, 2018). Therefore, the SNCA gene can be considered to be an effective target for the treatment of PD. SNCA is also believed to be involved in various other neurodegenerative diseases, such as Alzheimer’s disease, Lewy body disease, and muscular atrophy. Thus, the development of methods to inhibit SNCA gene mutations and decrease the formation of aggregates are of great clinical relevance.

Additionally, the polyadenylation of mRNA by the nuclear DNA-encoded mitochondrial poly(A) RNA polymerase is crucial for maintaining gene expression in human mitochondria (Lapkouski and Hällberg, 2015). Although the exact function of mitochondria mRNA transcription of adenosine acidification is not yet fully understood, the process is essential for ensuring correct mRNA expression in the mitochondria. MTPAP mutant proteins can shorten polyadenylation of mitochondrial mRNA, resulting in post-transcriptional downregulation of the expression of components of the respiratory chain complex and the impairment of an essential mitochondrial function (Wilson et al., 2014). Mitochondrial dysfunction is involved in many processes and diseases, including aging, cancer, diabetes, and neurodegenerative diseases such as PD and Alzheimer’s disease (Larsen et al., 2018). Among several mechanisms responsible for the pathogenesis of PD, mitochondrial dysfunction may be related to the death of dopaminergic neurons. Many of the PD-associated gene mutations result in an abnormal mitochondrial function and, eventually, neuronal damage, which is a critical component of the onset and development of the disease. Thus, compounds that target mitochondria and improve their function represent potential therapeutic options for delaying and treating degenerative diseases of the central nervous system.

RP11-305E6.4 is a long non-coding RNA (lncRNA) gene. LncRNAs are non-coding RNA molecules with a length of more than 200 nucleotides, which can govern gene expression, transcription, and post-transcription. Currently, there are few studies on this gene, and it is still unknown which genes are regulated by this lncRNA to influence the occurrence of PD. Nevertheless, the transcript of RP11-305E6.4 overlaps with that of MTPAP, and further studies could be conducted to determine whether this gene can regulate MTPAP to affect the occurrence of PD in the future.

In conclusion, we verified that the abnormal expression of the SNCA gene could lead to PD and found that the abnormal expression of the MTPAP and RP11-305E6.4 genes may also cause PD. This study further demonstrates that the design of drugs targeting SNCA gene is conducive to inhibit the formation of Lewy bodies, and to completely cure PD. Moreover, we have identified two new candidate genes for PD. This provides a research direction for understanding the biological significance behind the pathological features of PD.



DATA AVAILABILITY STATEMENT

Publicly available datasets were analyzed in this study. This data can be found here: http://ftp.ebi.ac.uk/pub/databases/gwas/summary_statistics/GCST007001-GCST008000/GCST007780/; http://ftp.ebi.ac.uk/pub/databases/gwas/summary_statistics/GCST010001-GCST011000/GCST010765/.



AUTHOR CONTRIBUTIONS

XC, CX, and LZ contributed to the design and implementation of the research, to the analysis of the results, and to the writing of the manuscript. All authors contributed to the article and approved the submitted version.



FUNDING

This work has been supported by the National Key Research and Development Program of China (2017YFC0907503).



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2021.712164/full#supplementary-material

Supplementary Figure 1 | (A) The Manhattan diagram of GUB GWAS data. (B) The Manhattan diagram of GIPD GWAS data.

Supplementary Figure 2 | (A) The Manhattan diagram of Brain eQTL data. (B) The Manhattan diagram of Cage eQTL data. (C) The Manhattan diagram of CD4 eQTL data. (D) The Manhattan diagram of CD8 eQTL data.

Supplementary Figure 3 | (A) The Summary data-based Mendelian Randomization (SMR) analysis results of GUB_Brain. (B) The SMR analysis results of GIPD_Brain. (C) The SMR analysis results of GUB_Cage. (D) The SMR analysis results of GIPD_Cage. (E) The SMR analysis results of GUB_CD4. (F) The SMR analysis results of GIPD_CD4. (G) The SMR analysis results of GUB_CD8. (H) The SMR analysis results of GIPD_CD8.



REFERENCES

Ammal Kaidery, N., and Thomas, B. (2018). Current perspective of mitochondrial biology in Parkinson’s disease. Neurochem. Int. 117, 91–113. doi: 10.1016/j.neuint.2018.03.001

Antony, P. M., Diederich, N. J., Krüger, R., and Balling, R. (2013). The hallmarks of Parkinson’s disease. FEBS J. 280, 5981–5993. doi: 10.1111/febs.12335

Ball, N., Teo, W. P., Chandra, S., and Chapman, J. (2019). Parkinson’s disease and the environment. Front. Neurol. 10:218. doi: 10.3389/fneur.2019.00218

Bi, W., Fritsche, L. G., Mukherjee, B., Kim, S., and Lee, S. (2020). A fast and accurate method for genome-wide time-to-event data analysis and its application to UK biobank. Am. J. hum. Genet. 107, 222–233. doi: 10.1016/j.ajhg.2020.06.003

Blauwendraat, C., Heilbron, K., Vallerga, C. L., Bandres-Ciga, S., von Coelln, R., Pihlstrøm, L., et al. (2019). Parkinson’s disease age at onset genome-wide association study: defining heritability, genetic loci, and α-synuclein mechanisms. Mov. Disord. 34, 866–875. doi: 10.1002/mds.27659

Cannon, M. E., and Mohlke, K. L. (2018). Deciphering the emerging complexities of molecular mechanisms at GWAS Loci. Am. J. hum. Genet. 103, 637–653. doi: 10.1016/j.ajhg.2018.10.001

Feng, Y. S., Yang, S. D., Tan, Z. X., Wang, M. M., Xing, Y., Dong, F., et al. (2020). The benefits and mechanisms of exercise training for Parkinson’s disease. Life Sci. 245:117345. doi: 10.1016/j.lfs.2020.117345

Holper, L., Ben-Shachar, D., and Mann, J. J. (2019). Multivariate meta-analyses of mitochondrial complex I and IV in major depressive disorder, bipolar disorder, schizophrenia, Alzheimer disease, and Parkinson disease. Neuropsychopharmacology 44, 837–849. doi: 10.1038/s41386-018-0090-0

Kerr, G. K., Worringham, C. J., Cole, M. H., Lacherez, P. F., Wood, J. M., and Silburn, P. A. (2010). Predictors of future falls in Parkinson disease. Neurology 75, 116–124. doi: 10.1212/WNL.0b013e3181e7b688

Kim, H. J. (2013). Alpha-synuclein expression in patients with Parkinson’s disease: a Clinician’s perspective. Exp. Neurobiol. 22, 77–83. doi: 10.5607/en.2013.22.2.77

Lapkouski, M., and Hällberg, B. M. (2015). Structure of mitochondrial poly(A) RNA polymerase reveals the structural basis for dimerization, ATP selectivity and the SPAX4 disease phenotype. Nucleic Acids Res. 43, 9065–9075. doi: 10.1093/nar/gkv861

Larsen, S. B., Hanss, Z., and Krüger, R. (2018). The genetic architecture of mitochondrial dysfunction in Parkinson’s disease. Cell Tissue Res. 373, 21–37. doi: 10.1007/s00441-017-2768-8

Lunati, A., Lesage, S., and Brice, A. (2018). The genetic landscape of Parkinson’s disease. Rev. neurol. 174, 628–643. doi: 10.1016/j.neurol.2018.08.004

Mehra, S., Sahay, S., and Maji, S. K. (2019). α-Synuclein misfolding and aggregation: Implications in Parkinson’s disease pathogenesis. Biochim. Biophys. Acta Proteins Proteom. 1867, 890–908. doi: 10.1016/j.bbapap.2019.03.001

Nalls, M. A., Pankratz, N., Lill, C. M., Do, C. B., Hernandez, D. G., Saad, M., et al. (2014). Large-scale meta-analysis of genome-wide association data identifies six new risk loci for Parkinson’s disease. Nat. Genet. 46, 989–993. doi: 10.1038/ng.3043

Nussbaum, R. L. (2018). Genetics of synucleinopathies. Cold Spring Harb. Perspect. Med. 8:a024109. doi: 10.1101/cshperspect.a024109

Poewe, W., Seppi, K., Tanner, C. M., Halliday, G. M., Brundin, P., Volkmann, J., et al. (2017). Parkinson disease. Nat. Rev. Dis. Primers 3:17013. doi: 10.1038/nrdp.2017.13

Rojano, E., Ranea, J. A., and Perkins, J. R. (2016). Characterisation of non-coding genetic variation in histamine receptors using AnNCR-SNP. Amino Acids 48, 2433–2442. doi: 10.1007/s00726-016-2265-5

Schwarz, P. B., and Peever, J. H. (2011). Dopamine triggers skeletal muscle tone by activating D1-like receptors on somatic motoneurons. J. Neurophysiol. 106, 1299–1309. doi: 10.1152/jn.00230.2011

Shabalin, A. A. (2012). Matrix eQTL: ultra fast eQTL analysis via large matrix operations. Bioinformatics 28, 1353–1358. doi: 10.1093/bioinformatics/bts163

Trinh, J., and Farrer, M. (2013). Advances in the genetics of Parkinson disease. Nat.Rev. Neurol. 9, 445–454. doi: 10.1038/nrneurol.2013.132

Wilson, W. C., Hornig-Do, H. T., Bruni, F., Chang, J. H., Jourdain, A. A., Martinou, J. C., et al. (2014). A human mitochondrial poly(A) polymerase mutation reveals the complexities of post-transcriptional mitochondrial gene expression. Hum. Mol. Genet. 23, 6345–6355. doi: 10.1093/hmg/ddu352

Zhu, Z., Zhang, F., Hu, H., Bakshi, A., Robinson, M. R., Powell, J. E., et al. (2016). Integration of summary data from GWAS and eQTL studies predicts complex trait gene targets. Nat. Genet. 48, 481–487. doi: 10.1038/ng.3538


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Cui, Xu, Zhang and Wang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OPS/images/fgene-12-712164-t003.jpg
SMR datasets Number of Gene name P value
discovered genes
GUB_Brain 2 MTPAP 7215 x 10~/
RP11-305E6.4 1.624 x 107
GUB_Cage 1 MTPAP 4191 x 10~/
GUB_CD4 0 - -
GUB_CD8 0 - -
GIPD_Brain 0 - -
GIPD_Cage 1 SNCA 4671 x 1077
GIPD_CD4 0 - -
GIPD_CD8 0 - -

This list showed the number of genes found in different datasets, their names, and

the value of Pgyr calculated.





OPS/images/fgene-12-712164-t002.jpg
SMR dataset GUB_Brain

Psur threshold 1.8x107°
SMR dataset GIPD_Brain
Psur threshold 1.8x 1070

GUB_Cage

15x107°
GIPD_Cage
15x 1076

GUB_CD4

6.8 x 107
GIPD_CD4
6.8 x 107

GUB_CD8

8.6 x107°
GIPD_CD8
8.6 x107°

The same eQTL datasets have the same threshold.





OPS/images/fgene-12-712164-t001.jpg
eQTL GWAS

Brain Cage CcD4 CcD8
GUB GUB_Brain GUB_Cage GUB_CD4 GUB_CD8
GIPD GIPD_Brain GIPD_Cage GIPD_CD4 GIPD_CD8

Each GWAS data combined with each eQTL data were analyzed to produce a new
SMR data. Thus, there were eight SMR datasets.





OPS/images/cross.jpg
3,

i





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Identification of Parkinson’s Disease-Causing Genes via Omics Data



		INTRODUCTION



		MATERIALS AND METHODS



		Data Acquisition



		SMR Analysis







		RESULTS



		Identification of Overlapping SNPs



		SMR Analysis



		Gene Function Analysis







		DISCUSSION



		DATA AVAILABILITY STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		SUPPLEMENTARY MATERIAL



		REFERENCES

















OPS/images/cover.jpg
’ frontiers
in Genetics

Identification of Parkinson’s
Disease-Causing Genes via
Omics Data





OPS/images/fgene-12-712164-g002.jpg
GIPD Cage

508

GUB_Cage

GUB_CD4





OPS/images/fgene-12-712164-e000.jpg
iy > 2
swas?xZ,

SMReZGWAS X ZeqrL

Zawas? 2L






OPS/images/fgene-12-712164-g001.jpg
PD GWAS ——

Brain eQTL

Blood eQTL
CD4 positive eQTL
CD8 positive eQTL

TSMR

—» chi-square
test

Significance of
gene expression








OPS/images/logo.jpg
’ frontiers
in Genetics





OPS/images/fgene-12-712164-g003.jpg
c [0) < 0
o b [a) =}
m s} & (@]

Comparison among these four GUB datasets

B S [0) < ©
o 2 [} o}
m o (@] O

Brain

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

Comparison among these four GIPD datasets





