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Background: Parkinson's disease (PD) is the second most common
progressive neurodegenerative disorder and the leading cause of disability in
the daily activities. In the management of PD, accurate and specific biomarkers
in blood for the early diagnosis of PD are urgently needed. DNA methylation
is one of the main epigenetic mechanisms and associated with the gene
expression and disease initiation of PD. We aimed to construct a methylation
signature for the diagnosis of PD patients, and explore the potential value of
DNA methylation in therapeutic options.

Materials and methods: Whole blood DNA methylation and gene expression
data of PD patients as well as healthy controls were extracted from
Gene Expression Omnibus database. Next, differentially expressed genes
(DEGs) and differentially methylated genes (DMGs) between PD patients
and healthy controls were identified. Least absolute shrinkage and selection
operator cox regression analysis was carried out to construct a diagnostic
signature based on the overlapped genes. And, the receiver operating
characteristic (ROC) curves were drawn and the area under the curve
(AUC) was used to assess the diagnostic performance of the signature in
both the training and testing datasets. Finally, gene ontology and gene
set enrichment analysis were subsequently carried out to explore the
underlying mechanisms.

Results: We obtained a total of 9,596 DMGs, 1,058 DEGs, and 237 overlapped
genes in the whole blood between PD patients and healthy controls. Eight
methylation-driven genes (HIST1H4L, CDC42EP3, KIT, GNLY, SLC22A1, GCM1,
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INO80B, and ARHGAP26) were identified to construct the gene expression
signature. The AUCs in predicting PD patients were 0.84 and 0.76 in training
dataset and testing dataset, respectively. Additionally, eight methylation-
altered CpGs were also identified to construct the CpGs signature which
showed a similarly robust diagnostic capability, with AUCs of 0.8 and 0.73 in
training dataset and testing dataset, respectively.

Conclusion: We conducted an integrated analysis of the gene expression and
DNA methylation data, and constructed a methylation-driven genes signature
and a methylation-altered CpGs signature to distinguish the patients with
PD from healthy controls. Both of them had a robust prediction power
and provide a new insight into personalized diagnostic and therapeutic
strategies for PD.

KEYWORDS

neurodegenerative disease, Parkinson’s disease, DNA methylation, methylation-

driven gene, diagnostic signature

Introduction

As the second most diagnosed neurodegenerative disease,
Parkinson’s disease (PD) is characteristic by a complex, age-
related disease with more than six million patients worldwide
and is the main cause of neurological dysfunction (Bloem
et al,, 2021). Currently, the diagnosis of PD is mainly based
on clinical criteria, which have been updated many times to
improve the diagnostic accuracy (Tolosa et al, 2021). The
advances of gene microarray technology allow researchers to
rapidly measure the expression data of thousands of genes in
various diseases, helping to gain a deeper understanding of
disease pathogenesis at the genetic level (Behzadi and Ranjbar,
2019). Given that specific and accurate molecular biomarkers
could greatly contribute to the early diagnosis and therapy will
have a greater chance of success in the early stages of disease.
Thus, there is an urgent need to identify potential biomarkers
for the diagnosis of PD.

Abbreviations: PD, Parkinson's disease; SNCA, Synuclein Alpha; LRRK2,
Leucine Rich Repeat Kinase 2; MAPT, Microtubule Associated Protein
Tau; GBA, Glucosylceramidase Beta; NPAS2, Neuronal PAS Domain
Protein 2; CYP2E1, Cytochrome P450 Family 2 Subfamily E Member
1; PGC1-a, PPARG Coactivator 1 Alpha; DEGs, differentially expressed
genes; DMGs, differentially methylated genes; LASSO, least absolute
shrinkage and selection operator; AUC, area under the curve; GO,
Gene Ontology; BP, biological process; MF, molecular function; CC,
cellular component; GSEA, Gene Set Enrichment Analysis; CpGs, 5'-C-
phosphate-G-3'; HISTIH4L, H4 clustered histone 13; CDC42EP3, CDC42
effector protein 3; KIT, receptor tyrosine kinase; GNLY, Granulysin;
SLC22A1, solute carrier family 22 member 1; GCM1, glial cells missing
transcription factor 1; INO80B, INO80 complex subunit B; ARHGAP26,
Rho GTPase activating protein 26; KEGG, Kyoto Encyclopedia of Genes
and Genomes.
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Genetic variants and epigenetic changes play crucial
roles in the initiation and progression of PD by through
affecting endosomal, lysosomal, and mitochondrial function
in pathophysiology (Dutta et al., 2021). The altered epigenetic
modification or abnormal expression of PD-related genes,
such as SNCA, LRRK2, MAPT, and GBA, have been
reported to be closely related to PD (Bloem et al, 2021).
Abnormal deposition of SNCA/a-synuclein is verified
to be associated with the pathogenesis of PD (Ho et al,
2020). And all SNCA mutations were associated with the
earlier age of onset and faster disease progression (Jowaed
et al, 2010). Furthermore, hypomethylation of the SNCA
promotor region has been reported in substantia nigra
of PD patients (Matsumoto et al, 2010). The mutations
in LRRK2 associated with increased kinase activity are
the most common cause of autosomal dominant PD
(Tolosa et al, 2020). Genome-wide association studies
have implicated MAPT is a major susceptibility locus
for idiopathic PD (Mata et al, 2014). Furthermore,
the hypermethylation of the MAPT 1is neuroprotective
by reducing MAPT expression (Coupland et al, 2014).
Variants in GBA, encoding the enzyme glucocerebrosidase,
are closely related to Lewy body diseases including
PD and Lewy body dementia (Blauwendraat et al,
2020). Epigenomic changes associated with other genes
including hypomethylation of NPAS2 and CYP2E1, and
hypermethylation of PGC1-a, have also been implicated in PD
(Lin et al., 2012).

Epigenetic mechanism, particularly DNA methylation,
plays an important role in the molecular etiology of
neurodegenerative diseases, including PD. DNA methylation
in PD-related genes have been widely studied to explore the
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mechanisms in disease progression and identify potential
biomarkers for early diagnosis (Kaut et al., 2012). Initial studies
have explored the correlations between the regulated genes
and DNA methylation in PD brain tissue (Nalls et al., 2014;
Young et al., 2019). However, recent studies have described the
concordant DNA methylation patterns between brain tissue
and blood sample (Masliah et al, 2013; Henderson-Smith
et al,, 2019). While the blood sample is less invasive and easier
to obtain, the blood-based biomarkers confer a number of
advantages compared with the tissue-based ones (Chahine
et al, 2014). And, the previous researches have revealed that
some reliable biomarkers for PD also exist in blood (Su et al,,
2015). Here, we conducted an integrative analysis of gene
expression data and DNA methylation data based on the
5’-C-phosphate-G-3’ (CpGs) in blood between PD patients
and healthy controls to identify the molecules as well as
their epigenetic changes underlying PD and constructed two
diagnostic signatures to distinguish the patients with PD from
healthy controls.

Materials and methods

Data collection and procession

The DNA methylation dataset GSE145361 (1,001 PD
patients and 973 health controls), and the gene expression
dataset GSE99039 (205 PD patients and 233 normal blood
samples) were downloaded from Gene Expression Omnibus
(GEO) database! on May 10, 2022. In addition, the blood
DNA methylation dataset GSE111629 (335 PD patients and 237
normal blood samples), and the blood gene expression dataset of
GSE6613 with 50 PD patients and 23 healthy controls were also
downloaded from GEO to validate the accuracy and specificity
of our signature. All the above data was downloaded using R
package “GEOquery” and then preprocessed using the method
described in the previous study (Henderson-Smith et al., 2019;
Wang et al., 2019).

Differential methylation and expression
analysis

The differential methylation and expression analyses were
performed using the method previously described (Wang et al.,
2019). The gene methylation level in this study was measured
according to CpGs. The differentially methylated genes (DMGs)
between PD patients and normal controls in the GSE145361
dataset were identified with the thresholds of adjusted p-value

1 http://www.ncbi.nlm.nih.gov/geo
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<0.001 and fold-change >1 using R package “ChAMP.” We
identified the differentially expressed genes (DEGs) between PD
patients and normal controls in the GSE99039 dataset using R
package “limma” with the cutoff value of adjusted p < 0.05 and
fold-change > 1.

Construction of the Parkinson’s
disease diagnostic signature based on
overlapped genes

After the overlapping analysis based on the DMGs and
DEGs of the PD patients compared to the normal controls,
we constructed the diagnostic signature through applying
least absolute shrinkage and selection operator (LASSO) Cox
regression analysis and stepwise logistics regression to these
overlapped genes of DMGs and DEGs to eliminate the genes
highly correlated with each other to avoid overfitting. Finally,
the signature was constructed with eight DNA methylation-
driven genes and their coeflicients.

The receiver operating characteristic (ROC) curves were
drawn and area under the curve (AUC) was used to measure the
performance of the gene signature in the diagnosis of PD using
R package “pROC.”

Functional enrichment analysis of
differentially expressed DNA
methylated genes

In order to explore the potential molecular mechanism of
the differentially expressed DNA methylation-driven genes, we
performed Gene ontology (GO) analysis under three terms,
including biological process (BP), molecular function (MF),
and cellular component (CC), using R package “clusterProfiler”
(Chen et al, 2017; Wang et al., 2019; Kanehisa et al,
2021). A adjust p value <0.05 was set as the cutoffs of
different parameters.

Construction of the Parkinson’s
disease diagnostic signature based on
the DNA methylation sites

The 77 DNA methylation sites of the eight signature
genes developed in GSE99039 were used as candidate sites
to construct the signature. Then, in the GSE145361 dataset,
LASSO analysis was carried out in the candidate sites with
the R package ‘glmnet’. Finally, the signature was constructed
with eight methylation sites and their coefficients. We used the
AUCs of ROC curves to measure the quality of the methylation
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site signature in the diagnosis of PD based on the R package
“pROC.”

Validation of the gene expression and
methylation site signatures in the
testing datasets

To further validate the accuracy and specificity of the gene
expression and methylation site signatures, we calculated the
risk score of each sample based on the signature and used the
AUCs of ROC curves to measure the diagnostic value in the
GSE6613 and GSE111629 datasets.

Gene set enrichment analysis

Gene set enrichment analysis (GSEA) was performed to
analyze the enrichment of datasets between high- and low-
expression groups of hub genes, according to the gene sets files
from the KEGG databases. A adjust P value <0.05 was set as the
cutoffs of different parameters.

Statistical analysis

The R software version 3.6.1 and R Studio software were
used to perform the statistical analyses and figures output.
The false discovery rate (FDR) was used to adjust the p-value
obtained by the Mann-Whitney U test. Adjusted p-value <0.001
were set as cutoff criteria for DMGs, and adjusted p-value <0.05
as threshold for DEGs. Adjust P value <0.05 was set as a cutoff
value to identify significant biological pathways in GO and
GESA analysis. Student’s ¢ tests were used to determine statistical
significance among two groups.

Results

Identification of the differentially
methylated genes

To identify the DMGs based on the whole blood sample
between PD patients and normal controls, GSE145361 dataset
with a large sample size (1,001 PD patients and 973
health controls) was downloaded from the GEO database.
We obtained a total of 9,596 DMGs, in which 5,164
DMGs are hypo-methylated and 4,432 DMGs are hyper-
methylated (Figure 1A).

Distribution of hypo- and hyper-methylated sites in
genomic regions relative to transcription start sites (TSSs) and
CpG islands are shown in Figures 1B-E, respectively. The
hyper-methylated CpGs notably tended to be located in gene
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bodies (60.3%) and CpGs open sea (59.5%). While, hypo-
methylated CpGs notably tended to be located in the promoters
(TSS1500, TSS200, 5UTR, and IstExon) (59.0%) and CpG
islands (37.0%).

Identification of the differentially
expressed genes

Next, we carried out a differential expression analysis
to identify genes altered in PD patients. A linear model
was applied to determine the DEGs based on the whole
blood sample of 205 PD patients compared to 233 normal
controls from the GSE99039 dataset. We identified 1,058
significant DEGs, including 129 downregulated genes and
929 upregulated genes (Figure 2A). Furthermore, we cross-
linked DMGs and DEGs to determine 237 differentially
methylation-driven genes (Figure 2B and Supplementary
Table 1). To evaluate the correlation between expression levels
and methylation levels of the overlapped genes, we assigned
these 237 overlapped genes to four groups: hypermethylated
and upregulated gene group (n =
Table 2), hypermethylated and downregulated gene group

140, Supplementary

(n = 18, Supplementary Table 3), hypomethylated and
upregulated gene group (n = 202, Supplementary Table 4),
and hypomethylated and downregulated gene group (n = 22,
Supplementary Table 5). As shown in Figures 2C-F, the hypo-
up genes were notably more than other group genes, which
suggested that hypomethylation might be the key epigenetic
modification involved in PD.

Functional enrichment analysis of
differentially expressed DNA
methylation-driven genes

the
expressed DNA methylation-driven genes,

To further
differentially

explore underlying mechanism of
we performed GO analysis based on these 237 overlapped
genes. The GO analysis revealed these overlapped genes
were primarily enriched in BP terms, including neutrophil
activation involved in immune response, neutrophil activation,
positive regulation of cytokine production, neutrophil
mediated immunity, antigen processing and presentation
of endogenous antigen (Figure 3A). CC terms include
integral component of lumenal side of endoplasmic reticulum
membrane, secretory granule membrane, lumenal side of
membrane, MHC protein complex, phagocytic vesicle, and
cell leading edge (Figure 3B). MF terms include peptide
antigen binding, calcium-dependent protein serine/threonine
activity, cytokine
calcium-dependent protein binding, and GTPase regulator

kinase binding, hydrolase activity,

activity (Figure 3C).
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FIGURE 1

DMGs in PD patients. (A) Bar plot for DMGs in PD patients and healthy controls. (B,C) Distribution of DNA methylation changes in all genomic
compartments. (D,E) Distribution of DNA methylation changes in varying CpG content and neighborhood context.

Construction and validation of the
diagnostic signature based on eight
methylation-driven genes

Least absolute shrinkage and selection operator regression
and stepwise logistic regression analysis were applied to
these 237 overlapped genes model to determine the most
accurate predictive methylation-driven genes. Finally, eight
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methylation-driven genes HIST1H4L (H4 Clustered Histone
13), CDC42EP3 (CDC42 Effector Protein 3), KIT (receptor
tyrosine kinase), GNLY (Granulysin), SLC22A1 (Solute
Carrier Family 22 Member 1), GCM1 (Glial Cells Missing
Transcription Factor 1), INO80B (INO80 Complex Subunit
B), and ARHGAP26 (Rho GTPase Activating Protein 26) were
identified. Subsequently, the signature was constructed based on
the expression level and the relative coefficient of each signature
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FIGURE 2

DEGs in PD patients. (A) Bar plot for DEGs in PD patients and healthy controls. (B—F) Venn diagram of DMGs and DEGs.

gene (Figures 4A-E). The risk scoring formula was as following:
risk score = (0.796331667 x ARHGAP26) + (0.772781522
x INOSOB) + (0.613379779 x GCMI1) + (0.608204371 x
SLC22A1) + (0.602134411 x GNLY) + (0.524810413 x KIT) +
(0.408771389 x CDC42EP3) + (—0.82230679 x HIST1H4L).
To evaluate the performance of the gene expression
signature in the diagnosis of PD, the ROC curve was plotted
and AUC achieved 0.84 when applied to the training dataset
GSE99039 (Figure 4F). The AUC was 0.76 when applied to the
other independent PD-associated blood gene expression dataset

Frontiers in Aging Neuroscience

GSE6613 (Figure 4G), which demonstrated that the signature
had accuracy predictive power for PD patients.

Gene set enrichment analysis of the
high- and low-risk groups based on
the diagnostic signature

To explore the potential biological pathways and processes
involved in the molecular heterogeneity, GSEA was carried
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out between the two risk groups in the training dataset enriched in the high-risk group were associated with PD,
GSE99039. As shown in Figure 5, the top KEGG (Kyoto neurotrophic signaling pathway, ubiquitin mediated proteolysis,
Encyclopedia of Genes and Genomes) signaling pathways B cell receptor signaling pathway, Toll like receptor signaling
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FIGURE 5
GSEA of the high- and low-risk group based on the diagnostic signature. (A=I) The top KEGG signaling pathways in high-risk group.

pathway, natural killer cell mediated cytotoxicity, lysosome,
endocytosis, chemokine signaling pathway. These results
provided new insights into pathogenesis and prevention
for PD patients.

Construction and validation of the
diagnostic signature based on DNA
methylation sites

In the GSE145361 dataset, 77 methylation-altered CpGs
associated with the eight methylation-driven genes in the
gene expression signature were used in the LASSO regression

Frontiers in Aging Neuroscience 09

model. Then, 33 CpGs obtained were further analyzed in the
stepwise logistic regression model. Finally, eight CpGs were
acquired to construct the signature (Figures 6A-D). The risk
scoring formula was as following: risk score = (—32.323837
x ¢g07023902) + (—5.3875735 x ¢g05469695) + (4.1370905
x cgl2307314) + (3.0167468 x cgl3286582) + (2.6430882 x
cg01204911) + (24635395 x cg27579771) + (2.0870986 x
cgl0087973) + (1.761926332 x cg04188241).

The AUC of ROC curve to distinguish the PD patients from
the health controls achieved 0.8 when applied to the training
dataset GSE145361 (Figure 6E). In addition, we also validated
the accuracy of the CpGs signature in the other independent
PD-associated blood DNA methylation dataset. The AUC of
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ROC curve achieved 0.73 when applied to GSE111629 dataset
(Figure 6F), which indicated that the CpG signature was also
efficient for PD.

Discussion

A growing number of aberrant genome or epigenome
mechanisms are associated with carcinogenesis and
progression. However, the specific mechanism of methylation
in neurodegenerative disease still remains poorly described.
The diagnosis of PD patients mainly relies on the clinical
symptoms, which hinders detection of the early stages of the
disease that often had the greatest therapeutic effect. It is of
great value to explore potential methylated blood biomarkers
for the diagnosis of PD patients.

Omics approaches play increasingly important roles in the
management of disease (Amariuta et al,, 2020). Biomarkers
commonly used as part of routine clinical practice can
complement clinical examination and contribute to the
management of various diseases. The advance of the new
sequencing approach and access to some huge genetic and
epigenetic databases including TCGA and GEO, are providing
potential biomarkers options and the focus is shifting to a
combination of several or more biomarkers, rather than a
single marker that researchers have concentrated on in the
past (Conway and Wong, 2020; Vincent et al., 2020; Bian
et al, 2022). In this study, we conducted an integrative
analysis of gene expression and DNA methylation data, and
identified the DMGs and DEGs between PD patients and healthy
controls. Furthermore, LASSO regression analysis was carried
out to further construct the methylation-driven gene signature.
Finally, an eight methylation- driven genes risk signature was
developed, and the AUCs in evaluating the predictive accuracy
of the signature were high (0.84 in training dataset, 0.76 in
testing dataset, respectively).

Among the eight methylation-driven signature genes,
ARHGAP26 is a GTPase-activating protein and inhibits the
activity of Rho GTPases to affect tumorigenesis and progression
of various tumors (Zhang et al, 2022). Recently, it was
reported to be significantly associated with neuropsychiatric
diseases and neurodegenerative diseases, including PD (Wang
et al, 2022). SLC22A1 facilitates the transport, distribution,
and elimination of levodopa, which is significantly associated
with the occurrence of adverse events of dopaminergic
treatment in PD (Redensek et al,, 2019). INO80B regulates
trophoblast differentiation and embryonic stem cell self-
renewal, implicating in tumorigenesis, pre-eclampsia, and
avoidant personality disorder (Wang et al, 2014; Oudejans
et al, 2015). GCM1 encodes a DNA-binding protein with a
gem-motif, which is associated with the epigenetic regulation
of Hes5 transcription by DNA demethylation. Loss of
GCM1 leads to the impaired induction of neural stem
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cells (Hitoshietal,2011). GNLY, an immune-regulator, has
a close correlation with methylation and expression change,
and has previously been implicated in spontaneous abortions
(Novakovic et al, 2011). Oncogene KIT mediates cellular
responses, such as cell survival, proliferation, and differentiation
(Roskoski, 2018). It was reported that hyper-methylation in
the promoter region of c-KIT proto-oncogene would result
in the down-regulation of gene expression in most cancer
tissues (Huang et al., 2015). CDC42EP3, one of five CDC42
effector proteins, acts as a key regulator of the activities of
CDC42 (Farrugia and Calvo, 2017). Previous studies have
indicated that the bio functional roles of CDC42EP3 in
regulating cell shape change, actomyosin contractility and
pathological fibroblast activation (Farrugia and Calvo, 2016).
Additionally, CDC42EP3 is also associated with the occurrence
and progression of human cancers, such as colorectal cancer
(Feng et al, 2021), ovarian cancer (Yan et al, 2021), and
glioma (Yang et al., 2022). HIST1H4L, known as H4 Clustered
Histone 13 (H4C13), is essential nuclear proteins responsible
for the nucleosome structure of the chromosomal fiber in
eukaryotes. Dysregulation of HISTIH4L may lead to the
alternative histone modifications and aberrant gene expression
and has been identified as a senescence-related gene in lung
adenocarcinoma (Wang et al,, 2021; Lin et al,, 2022). Overall,
HIST1H4L, CDC42EP3, KIT, GNLY, GCM1, and INOS80B
have not been previously elucidated to be involved in PD,
which provides additional insights in the underlying molecular
mechanism of PD.

Despite the data came from distinct samples, and was
obtained using different analytical means, some genes were
overlapped between DEGs and DMGs. Notably, majority of the
overlapped genes were hypomethylated and upregulated, which
demonstrated that the hypomethylation was the key epigenetic
modification associated with PD and hypomethylation of some
PD-related genes result in the upregulation of these genes.
Moreover, dominant methylation-altered regions of the genes
were remarkably different. In addition, some genes had multiple
dominant DNA methylation-altered regions, while others had
a single dominant methylation-altered region. Therefore, to
further explore the clinical value of CpGs in PD, eight significant
dominant methylation-altered CpGs were used to construct a
gene methylation signature. The ROC analyses demonstrated
that the signature also had a superior prediction power for
PD (AUCs of 0.8 in training dataset, and 0.73 in testing
dataset, respectively).

To explore the underlying biological functions and
signaling pathways involved in the signature, GO and
GSEA analyses were performed. The results revealed that
the neutrophil function and the relevant signaling pathway
were significantly enriched in both GO and GSEA analyses.
As the protagonists in chronic inflammation (Sochnlein
et al,, 2017), neutrophil activation stimulates the local and
systemic inflammation, promotes proinflammatory cytokines
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induction and causes neuroinflammation (Kanashiro et al,,
2020). Neuroinflammation has been shown to contribute to
the progression of neurodegeneration in PD (Tansey and
Romero-Ramos, 2019; Hirsch and Standaert, 2021). Previous
evidences proved that neutrophil activation played an important
role in various diseases, including cancer (Rosell et al,
2021), cardiovascular disease (Bonaventura et al.,, 2019), and
Alzheimer’s disease (Dong et al,, 2019). And many studies
demonstrated that, compared with healthy controls, PD patients
had a high neutrophil count, which was consistent to the results
of our study (Ata¢ Ucar et al, 2017; Munoz-Delgado et al,
2021). Our study showed that neutrophil activation could be
an indicator of the inflammatory status and peripheral immune
dysregulation in PD, but whether it is a cause or a consequence
of PD progression remains unclear.

Currently, several biomarkers for PD diagnosis were
available. Caldi et al. identified a miRNA signature in PD
cerebrospinal fluid (Caldi Gomes et al., 2021). Shao et al.
identified a metabolite panel in PD plasma samples (Shao et al.,
2021). In comparison, there are also some strengthens in our
study. First, we constructed the diagnostic signature based on
a dataset with a large sample size. Second, we integrated the
gene expression and DNA methylation data, which is more
stable than a single data form. Third, the signature was based
on the whole blood sample, which could be obtained with a
non-invasive, convenient and easy method. Furthermore, the
signature has a higher accuracy and specificity, and contains
fewer genes, which is more promising for clinical application.

However, there are some limitations should be noticed
in our study. First, this study was performed based on the
public database and was driven by the analysis of available
retrospective data. And, the optimal cutoff value was required to
be defined before clinical application. In addition, our study only
focused on the methylated genes. However, there are many other
epigenetic modifications in disease pathology. It is of great value
to integrate more modifications together. In future study, in vivo
and/or in vitro experiments based on the constructed mouse
model and a large number of patient blood samples are planned
to validate the identified signature and elucidate the underlying
mechanisms in PD.

Conclusion

In conclusion, we performed an integrated analysis of the
gene expression data and DNA methylation data, constructed
a methylation-driven genes signature and a methylation-
altered CpGs signature to distinguish PD patients from healthy
controls. All of them have a good prediction power for PD
and provide a new insight into personalized diagnostic and
therapeutic strategies for PD.

Frontiers in Aging Neuroscience

10.3389/fnagi.2022.971528

Data availability statement

The datasets presented in this study can be found in
online repositories. The names of the repository/repositories
and accession number(s) can be found in the

article/Supplementary material.

Author contributions

XW, DL, and WZ designed the research. JL, YZ, and WG
analyzed the data. DL and XW wrote the manuscript with
contributions from all the authors. All authors have read and
approved the manuscript.

Funding

This study was supported by the Henan Provincial Science
and Technology Research Project (202102310157).

Acknowledgments

We are grateful to the contributors of the public databases
used in the study.

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.

Supplementary material
The Supplementary Material for this article can be

found online at: https://www.frontiersin.org/articles/10.3389/
fnagi.2022.971528/full#supplementary- material

frontiersin.org


https://doi.org/10.3389/fnagi.2022.971528
https://www.frontiersin.org/articles/10.3389/fnagi.2022.971528/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fnagi.2022.971528/full#supplementary-material
https://www.frontiersin.org/journals/aging-neuroscience
https://www.frontiersin.org/

Li et al.

References

Amariuta, T., Luo, Y., Knevel, R., Okada, Y., and Raychaudhuri, S. (2020).
Advances in genetics toward identifying pathogenic cell states of rheumatoid
arthritis. Immunol. Rev. 294, 188-204. doi: 10.1111/imr.12827

Atag Ugar, C., Gokge Cokal, B., Unal Artik, H. A., Inan, L. E., and Yoldas, T. K.
(2017). Comparison of neutrophil-lymphocyte ratio (NLR) in Parkinson’s disease
subtypes. Neurol. Sci. 38, 287-293. doi: 10.1007/s10072-016-2758-8

Behzadi, P., and Ranjbar, R. (2019). DNA microarray technology and
bioinformatic web services. Acta Microbiol. Immunol. Hungarica 66, 19-30. doi:
10.1556/030.65.2018.028

Bian, S., Ni, W., Zhu, M., Zhang, X, Qiang, Y., Zhang, J., et al. (2022). Flap
endonuclease 1 facilitated hepatocellular carcinoma progression by enhancing
USP7/MDM2-mediated P53 Inactivation. Int. J. Biol. Sci. 18, 1022-1038. doi:
10.7150/ijbs.68179

Blauwendraat, C., Reed, X., Krohn, L., Heilbron, K., Bandres-Ciga, S., Tan,
M., et al. (2020). Genetic modifiers of risk and age at onset in GBA associated
Parkinson’s disease and Lewy body dementia. Brain 143, 234-248. doi: 10.1093/
brain/awz350

Bloem, B. R., Okun, M. S., and Klein, C. (2021). Parkinson’s disease. Lancet 397,
2284-2303. doi: 10.1016/S0140-6736(21)00218-X

Bonaventura, A., Montecucco, F., Dallegri, F., Carbone, F., Liischer, T. F,,
Camici, G. G., et al. (2019). Novel findings in neutrophil biology and their impact
on cardiovascular disease. Cardiovasc. Res. 115, 1266-1285. doi: 10.1093/cvr/
cvz084

Caldi Gomes, L., Roser, A. E., Jain, G., Pena Centeno, T., Maass, F., Schilde, L.,
et al. (2021). MicroRNAs from extracellular vesicles as a signature for Parkinson’s
disease. Clin. Transl. Med. 11:e357. doi: 10.1002/ctm2.357

Chahine, L. M., Stern, M. B., and Chen-Plotkin, A. (2014). Blood-based
biomarkers for Parkinson’s disease. Parkinson. Relat. Disord. 20(Suppl. 1), S99-
$103. doi: 10.1016/S1353-8020(13)70025-7

Chen, L., Zhang, Y. H., Wang, S., Zhang, Y., Huang, T., and Cai, Y. D. (2017).
Prediction and analysis of essential genes using the enrichments of gene ontology
and KEGG pathways. PLoS One 12:¢0184129. doi: 10.1371/journal.pone.0184129

Conway, S. R., and Wong, H. R. (2020). Biomarker panels in critical care. Crit.
Care Clin. 36, 89-104. doi: 10.1016/j.ccc.2019.08.007

Coupland, K. G., Mellick, G. D., Silburn, P. A., Mather, K., Armstrong, N. J.,
Sachdev, P. S, et al. (2014). DNA methylation of the MAPT gene in Parkinson’s
disease cohorts and modulation by vitamin E in vitro. Mov. Disord. 29, 1606-1614.
doi: 10.1002/mds.25784

Dong, X., Nao, J., Shi, J., and Zheng, D. (2019). Predictive value of routine
peripheral blood biomarkers in Alzheimer’s disease. Front. Aging Neurosci. 11:332.
doi: 10.3389/fnagi.2019.00332

Dutta, S., Hornung, S., Kruayatidee, A., Maina, K. N., Del Rosario, L, Paul,
K. C, et al. (2021). a-Synuclein in blood exosomes immunoprecipitated using
neuronal and oligodendroglial markers distinguishes Parkinson’s disease from
multiple system atrophy. Acta Neuropathol. 142, 495-511. doi: 10.1007/s00401-
021-02324-0

Farrugia, A. J., and Calvo, F. (2016). The Borg family of Cdc42 effector proteins
Cdc42EP1-5. Biochem. Soc. Trans. 44, 1709-1716. doi: 10.1042/BST20160219

Farrugia, A. J., and Calvo, F. (2017). Cdc42 regulates Cdc42EP3 function in
cancer-associated fibroblasts. Small GTPases 8, 49-57. doi: 10.1080/21541248.
2016.1194952

Feng, Q., Xu, D., Zhou, M., Wu, Z., Wu, Z., Wang, Z., et al. (2021). CDC42EP3
promotes colorectal cancer through regulating cell proliferation, cell apoptosis and
cell migration. Cancer Cell Int. 21:169. doi: 10.1186/s12935-021-01845-8

Henderson-Smith, A., Fisch, K. M., Hua, J., Liu, G., Ricciardelli, E., Jepsen,
K., et al. (2019). DNA methylation changes associated with Parkinson’s disease
progression: outcomes from the first longitudinal genome-wide methylation
analysis in blood. Epigenetics 14, 365-382. doi: 10.1080/15592294.2019.1588682

Hirsch, E. C., and Standaert, D. G. (2021). Ten unsolved questions about
neuroinflammation in Parkinson’s disease. Mov. Disord. 36, 16-24. doi: 10.1002/
mds.28075

Hitoshi, S., Ishino, Y., Kumar, A., Jasmine, S., Tanaka, K. F., Kondo, T.,
et al. (2011). Mammalian Gem genes induce Hes5 expression by active DNA
demethylation and induce neural stem cells. Nat. Neurosci. 14, 957-964. doi:
10.1038/nn.2875

Ho, P. W,, Leung, C. T, Liu, H,, Pang, S. Y., Lam, C. S,, Xian, J., et al. (2020).
Age-dependent accumulation of oligomeric SNCA/a-synuclein from impaired
degradation in mutant LRRK2 knockin mouse model of Parkinson disease: role

Frontiers in Aging Neuroscience

13

10.3389/fnagi.2022.971528

for therapeutic activation of chaperone-mediated autophagy (CMA). Autophagy
16, 347-370. doi: 10.1080/15548627.2019.1603545

Huang, W. Y., Hsu, S. D., Huang, H. Y., Sun, Y. M., Chou, C. H.,, Weng, S. L.,
et al. (2015). MethHC: a database of DNA methylation and gene expression in
human cancer. Nucleic Acids Res. 43, D856-D861. doi: 10.1093/nar/gkul151

Jowaed, A., Schmitt, I, Kaut, O., and Wiillner, U. (2010). Methylation regulates
alpha-synuclein expression and is decreased in Parkinson’s disease patients’ brains.
J. Neurosci. 30, 6355-6359. doi: 10.1523/J]NEUROSCIL.6119-09.2010

Kanashiro, A., Hiroki, C. H., da Fonseca, D. M., Birbrair, A., Ferreira, R. G.,
Bassi, G. S., et al. (2020). The role of neutrophils in neuro-immune modulation.
Pharmacol. Res. 151:104580. doi: 10.1016/j.phrs.2019.104580

Kanehisa, M., Furumichi, M., Sato, Y., Ishiguro-Watanabe, M., and Tanabe, M.
(2021). KEGG: integrating viruses and cellular organisms. Nucleic Acids Res. 49,
D545-D551. doi: 10.1093/nar/gkaa970

Kaut, O., Schmitt, I, and Wiillner, U. (2012). Genome-scale methylation
analysis of Parkinson’s disease patients’ brains reveals DNA hypomethylation and
increased mRNA expression of cytochrome P450 2E1. Neurogenetics 13, 87-91.
doi: 10.1007/s10048-011-0308-3

Lin, Q., Ding, H., Zheng, Z., Gu, Z., Ma, J., Chen, L., et al. (2012). Promoter
methylation analysis of seven clock genes in Parkinson’s disease. Neurosci. Lett.
507, 147-150. doi: 10.1016/j.neulet.2011.12.007

Lin, Z.,, Yu, B, Yuan, L., Tu, J., Shao, C,, and Tang, Y. (2022). RAGE is a
potential biomarker implicated in immune infiltrates and cellular senescence in
lung adenocarcinoma. J. Clin. Lab. Analysis 36:¢24382. doi: 10.1002/jcla.24382

Masliah, E., Dumaop, W., Galasko, D., and Desplats, P. (2013). Distinctive
patterns of DNA methylation associated with Parkinson disease: identification
of concordant epigenetic changes in brain and peripheral blood leukocytes.
Epigenetics 8, 1030-1038. doi: 10.4161/epi.25865

Mata, I. F., Leverenz, J. B., Weintraub, D., Trojanowski, J. Q., Hurtig, H. I,
Van Deerlin, V. M,, et al. (2014). APOE, MAPT, and SNCA genes and cognitive
performance in Parkinson disease. JAMA Neurol. 71, 1405-1412. doi: 10.1001/
jamaneurol.2014.1455

Matsumoto, L., Takuma, H., Tamaoka, A., Kurisaki, H., Date, H., Tsuji, S.,
et al. (2010). CpG demethylation enhances alpha-synuclein expression and affects
the pathogenesis of Parkinson’s disease. PLoS One 5:e15522. doi: 10.1371/journal.
pone.0015522

Muioz-Delgado, L., Macias-Garcia, D., Jests, S., Martin-Rodriguez, J. F.,
Labrador-Espinosa, M., Jiménez-Jaraba, M. V., et al. (2021). Peripheral immune
profile and neutrophil-to-lymphocyte ratio in Parkinson’s disease. Mov. Disord.
36, 2426-2430. doi: 10.1002/mds.28685

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

Novakovic, B., Yuen, R. K., Gordon, L., Penaherrera, M. S., Sharkey, A., Moffett,
A., et al. (2011). Evidence for widespread changes in promoter methylation
profile in human placenta in response to increasing gestational age and
environmental/stochastic factors. BMC Genom. 12:529. doi: 10.1186/1471-2164-
12-529

Oudejans, C. B., Michel, O. ], Janssen, R., Habets, R., Poutsma, A., Sistermans,
E. A, et al. (2015). Susceptibility allele-specific loss of miR-1324-mediated
silencing of the INO80B chromatin-assembly complex gene in pre-eclampsia.
Hum. Mol. Genet. 24, 118-127. doi: 10.1093/hmg/ddu423

Redensek, S., Flisar, D., Kojovi¢, M., Gregori¢ Kramberger, M., Georgiev, D.,
Pirtosek, Z., et al. (2019). Dopaminergic pathway genes influence adverse events
related to dopaminergic treatment in Parkinson’s disease. Front. Pharmacol. 10:8.
doi: 10.3389/fphar.2019.00008

Rosell, A., Aguilera, K., Hisada, Y., Schmedes, C., Mackman, N., Wallén, H.,
et al. (2021). Prognostic value of circulating markers of neutrophil activation,
neutrophil extracellular traps, coagulation and fibrinolysis in patients with
terminal cancer. Sci. Rep. 11:5074. doi: 10.1038/541598-021-84476-3

Roskoski, R. Jr. (2018). The role of small molecule Kit protein-tyrosine kinase
inhibitors in the treatment of neoplastic disorders. Pharmacol. Res. 133, 35-52.
doi: 10.1016/j.phrs.2018.04.020

Shao, Y., Li, T,, Liu, Z., Wang, X,, Xu, X, Li, S,, et al. (2021). Comprehensive
metabolic profiling of Parkinson’s disease by liquid chromatography-mass
spectrometry. Mol. Neurodegener. 16:4. doi: 10.1186/s13024-021-00425-8

Soehnlein, O., Steffens, S., Hidalgo, A., and Weber, C. (2017). Neutrophils as
protagonists and targets in chronic inflammation. Nat. Rev. Immunol. 17, 248-261.
doi: 10.1038/nri.2017.10

frontiersin.org


https://doi.org/10.3389/fnagi.2022.971528
https://doi.org/10.1111/imr.12827
https://doi.org/10.1007/s10072-016-2758-8
https://doi.org/10.1556/030.65.2018.028
https://doi.org/10.1556/030.65.2018.028
https://doi.org/10.7150/ijbs.68179
https://doi.org/10.7150/ijbs.68179
https://doi.org/10.1093/brain/awz350
https://doi.org/10.1093/brain/awz350
https://doi.org/10.1016/S0140-6736(21)00218-X
https://doi.org/10.1093/cvr/cvz084
https://doi.org/10.1093/cvr/cvz084
https://doi.org/10.1002/ctm2.357
https://doi.org/10.1016/S1353-8020(13)70025-7
https://doi.org/10.1371/journal.pone.0184129
https://doi.org/10.1016/j.ccc.2019.08.007
https://doi.org/10.1002/mds.25784
https://doi.org/10.3389/fnagi.2019.00332
https://doi.org/10.1007/s00401-021-02324-0
https://doi.org/10.1007/s00401-021-02324-0
https://doi.org/10.1042/BST20160219
https://doi.org/10.1080/21541248.2016.1194952
https://doi.org/10.1080/21541248.2016.1194952
https://doi.org/10.1186/s12935-021-01845-8
https://doi.org/10.1080/15592294.2019.1588682
https://doi.org/10.1002/mds.28075
https://doi.org/10.1002/mds.28075
https://doi.org/10.1038/nn.2875
https://doi.org/10.1038/nn.2875
https://doi.org/10.1080/15548627.2019.1603545
https://doi.org/10.1093/nar/gku1151
https://doi.org/10.1523/JNEUROSCI.6119-09.2010
https://doi.org/10.1016/j.phrs.2019.104580
https://doi.org/10.1093/nar/gkaa970
https://doi.org/10.1007/s10048-011-0308-3
https://doi.org/10.1016/j.neulet.2011.12.007
https://doi.org/10.1002/jcla.24382
https://doi.org/10.4161/epi.25865
https://doi.org/10.1001/jamaneurol.2014.1455
https://doi.org/10.1001/jamaneurol.2014.1455
https://doi.org/10.1371/journal.pone.0015522
https://doi.org/10.1371/journal.pone.0015522
https://doi.org/10.1002/mds.28685
https://doi.org/10.1038/ng.3043
https://doi.org/10.1186/1471-2164-12-529
https://doi.org/10.1186/1471-2164-12-529
https://doi.org/10.1093/hmg/ddu423
https://doi.org/10.3389/fphar.2019.00008
https://doi.org/10.1038/s41598-021-84476-3
https://doi.org/10.1016/j.phrs.2018.04.020
https://doi.org/10.1186/s13024-021-00425-8
https://doi.org/10.1038/nri.2017.10
https://www.frontiersin.org/journals/aging-neuroscience
https://www.frontiersin.org/

Lietal.

Su, X., Chu, Y., Kordower, J. H,, Li, B, Cao, H., Huang, L., et al. (2015).
PGC-1a promoter methylation in Parkinson’s disease. PLoS One 10:e0134087.
doi: 10.1371/journal.pone.0134087

Tansey, M. G., and Romero-Ramos, M. (2019). Immune system responses in
Parkinson’s disease: early and dynamic. Eur. J. Neurosci. 49, 364-383. doi: 10.1111/
€jn.14290

Tolosa, E., Garrido, A., Scholz, S. W., and Poewe, W. (2021). Challenges in the
diagnosis of Parkinson’s disease. Lancet Neurol. 20, 385-397. doi: 10.1016/S1474-
4422(21)00030-2

Tolosa, E., Vila, M., Klein, C., and Rascol, O. (2020). LRRK2 in Parkinson
disease: challenges of clinical trials. Nat. Rev. Neurol. 16, 97-107. doi: 10.1038/
$41582-019-0301-2

Vincent, J. L., Bogossian, E., and Menozzi, M. (2020). The future of biomarkers.
Crit. Care Clin. 36, 177-187. doi: 10.1016/j.ccc.2019.08.014

Wang, C., Chen, L., Yang, Y., Zhang, M., and Wong, G. (2019). Identification of
potential blood biomarkers for Parkinson’s disease by gene expression and DNA
methylation data integration analysis. Clin. Epigenet. 11:24. doi: 10.1186/s13148-
019-0621-5

Wang, K., Lu, Y., Morrow, D. F,, Xiao, D., and Xu, C. (2022). Associations of
ARHGAP26 polymorphisms with Alzheimer’s disease and cardiovascular disease.
J. Mol. Neurosci. 72, 1085-1097. doi: 10.1007/s12031-022-01972-5

Frontiers in Aging Neuroscience

14

10.3389/fnagi.2022.971528

Wang, L., Du, Y., Ward, J. M., Shimbo, T., Lackford, B., Zheng, X., et al.
(2014). INO8O facilitates pluripotency gene activation in embryonic stem cell self-
renewal, reprogramming, and blastocyst development. Cell Stem Cell 14, 575-591.
doi: 10.1016/j.stem.2014.02.013

Wang, Y., Li, Z,, Yang, G., Cai, L., Yang, F., Zhang, Y., et al. (2021). The study of
alternative splicing events in human induced pluripotent stem cells from a down’s
syndrome patient. Front. Cell Dev. Biol. 9:661381. doi: 10.3389/fcell.2021.661381

Yan, Y., Liang, Q., Xu, Z., and Yi, Q. (2021). Integrative bioinformatics and
experimental analysis revealed down-regulated CDC42EP3 as a novel prognostic
target for ovarian cancer and its roles in immune infiltration. Peer]/ 9:e12171.
doi: 10.7717/peer;j.12171

Yang, Z., Xu, T, Xie, T., Yang, L., Wang, G., Gao, Y., et al. (2022). CDC42EP3
promotes glioma progression via regulation of CCND1. Cell Death Dis. 13:290.
doi: 10.1038/s41419-022-04733-9

Young, J. I, Sivasankaran, S. K., Wang, L., Ali, A., Mehta, A., Davis, D. A,
et al. (2019). Genome-wide brain DNA methylation analysis suggests epigenetic
reprogramming in Parkinson disease. Neurol. Genet. 5:e342. doi: 10.1212/NXG.
0000000000000342

Zhang, L., Zhou, A., Zhu, S., Min, L., Liu, S,, Li, P., et al. (2022). The role of
GTPase-activating protein ARHGAP26 in human cancers. Mol. Cell. Biochem. 477,
319-326. doi: 10.1007/s11010-021-04274-3

frontiersin.org


https://doi.org/10.3389/fnagi.2022.971528
https://doi.org/10.1371/journal.pone.0134087
https://doi.org/10.1111/ejn.14290
https://doi.org/10.1111/ejn.14290
https://doi.org/10.1016/S1474-4422(21)00030-2
https://doi.org/10.1016/S1474-4422(21)00030-2
https://doi.org/10.1038/s41582-019-0301-2
https://doi.org/10.1038/s41582-019-0301-2
https://doi.org/10.1016/j.ccc.2019.08.014
https://doi.org/10.1186/s13148-019-0621-5
https://doi.org/10.1186/s13148-019-0621-5
https://doi.org/10.1007/s12031-022-01972-5
https://doi.org/10.1016/j.stem.2014.02.013
https://doi.org/10.3389/fcell.2021.661381
https://doi.org/10.7717/peerj.12171
https://doi.org/10.1038/s41419-022-04733-9
https://doi.org/10.1212/NXG.0000000000000342
https://doi.org/10.1212/NXG.0000000000000342
https://doi.org/10.1007/s11010-021-04274-3
https://www.frontiersin.org/journals/aging-neuroscience
https://www.frontiersin.org/

	Integrative analysis of DNA methylation and gene expression data for the diagnosis and underlying mechanism of Parkinson's disease
	Introduction
	Materials and methods
	Data collection and procession
	Differential methylation and expression analysis
	Construction of the Parkinson's disease diagnostic signature based on overlapped genes
	Functional enrichment analysis of differentially expressed DNA methylated genes
	Construction of the Parkinson's disease diagnostic signature based on the DNA methylation sites
	Validation of the gene expression and methylation site signatures in the testing datasets
	Gene set enrichment analysis
	Statistical analysis

	Results
	Identification of the differentially methylated genes
	Identification of the differentially expressed genes
	Functional enrichment analysis of differentially expressed DNA methylation-driven genes
	Construction and validation of the diagnostic signature based on eight methylation-driven genes
	Gene set enrichment analysis of the high- and low-risk groups based on the diagnostic signature
	Construction and validation of the diagnostic signature based on DNA methylation sites

	Discussion
	Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher's note
	Supplementary material
	References


