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Abstract: Several studies have analyzed gene expression profiles in the substantia nigra to better
understand the pathological mechanisms causing Parkinson’s disease (PD). However, the concord-
ance between the identified gene signatures in these individual studies was generally low. This
might have been caused by a change in cell type composition as loss of dopaminergic neurons in
the substantia nigra pars compacta is a hallmark of PD. Through an extensive meta-analysis of nine
previously published microarray studies, we demonstrated that a big proportion of the detected
differentially expressed genes was indeed caused by cyto-architectural alterations due to the heter-
ogeneity in the neurodegenerative stage and/or technical artefacts. After correcting for cell compo-
sition, we identified a common signature that deregulated the previously unreported ammonium
transport, as well as known biological processes such as bioenergetic pathways, response to prote-
otoxic stress, and immune response. By integrating with protein interaction data, we shortlisted a
set of key genes, such as LRRK2, PINK1, PRKN, and FBXO?7, known to be related to PD, others with
compelling evidence for their role in neurodegeneration, such as GSK3p, WWOX, and VPC, and
novel potential players in the PD pathogenesis. Together, these data show the importance of ac-
counting for cyto-architecture in these analyses and highlight the contribution of multiple cell types
and novel processes to PD pathology, providing potential new targets for drug development.

Keywords: Parkinson’s disease; transcriptome analysis; cyto-architecture; meta-analysis; interac-
tome analysis

1. Introduction

Parkinson’s disease (PD) is the second most common neurodegenerative disorder
after Alzheimer’s disease. In PD, the loss of dopaminergic neurons in the substantia nigra
pars compacta and neurodegeneration in other brain areas lead to motor and nonmotor
manifestations [1-3]. Alpha-synuclein positive inclusions, termed Lewy bodies (LB) and
Lewy neurites, are found in the surviving neurons [4]. Despite the elusiveness of the bio-
genesis and spreading of these structures, according to Braak’s model [5], LB pathology
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spreads in the PD brain along a caudo-rostral trajectory, correlating with disease progres-
sion.

Notwithstanding great progress since its initial description [6], the causative factors
remain poorly understood. Various environmental, lifestyle, and genetic factors, includ-
ing rare and highly penetrant variants in a limited number of genes [7] and 90 common
risk loci [8], have been implicated in its pathogenesis. Nevertheless, a big proportion of
missing heritability remains.

In parallel to genetic studies, genome-wide expression profiling has been used to
characterize alterations in molecular pathways in different brain regions, blood, and other
tissues of PD patients [9]. For example, a recent transcriptomics study reported evidence
of differential brain regional vulnerability to PD progression in accordance with the
Braak’s hypothesis [10]. On the basis of its role in PD, the substantia nigra has been exten-
sively investigated in these genome-wide expression profiling studies.

Further insight into PD pathogenic pathways has been enabled by the aggregation of
small-scale, low-powered, and low-concordance studies [11] into larger meta-analyses,
which has led to the nomination of putative key regulators of disease progression [12,13].
This approach has proven to be fruitful, even in the context of a high degree of heteroge-
neity in the putative causes and severity of phenotypes of the included patients.

Unfortunately, transcriptomic studies suffer from various technical limitations, such
as RNA degradation, which affect the different cell types to a variable extent [14]. Further-
more, differences in cyto-architecture originating from biological heterogeneity (due to,
e.g., age, gender, and genetic background), as well as sample preparation, can further in-
fluence downstream analyses. An even stronger confounder might be represented by cell
composition changes induced by a pathology [15]. This issue is particularly concerning
since it is not possible to distinguish between changes in genes that are highly expressed
in a cell type whose proportions change and a genuine pathology-related transcriptional
deregulation. While the former might be interesting as it may correlate with disease pro-
gression, the latter can inform on the molecular mechanism for which therapeutic strate-
gies might be devised. In neurodegenerative disorders and especially in highly affected
brain regions, such as the substantia nigra in PD, this phenomenon might be even more
pronounced.

To tackle these and other challenges, single-cell RNA sequencing (scRNAseq) and
single-nucleus RNA sequencing (snRNAseq) are currently rising in popularity. However,
thus far, only a limited number of PD midbrain samples have been profiled at the single-
cell level [16], severely decreasing the power to detect relevant differences. Alternatively,
cell proportions can be estimated from bulk transcriptomics data, and then analyses can
be corrected for altered cyto-architecture. Recently, several bioinformatic approaches
have been proposed to estimate and use these surrogates for the proportions of the cell
types, offering the opportunity to exploit the enormous amount of data readily available
in public repositories [17-24]. So far only a few attempts have been made in this direction
for PD substantia nigra. These are based on simply correlating gene expression and neu-
rodegeneration across brain regions and are either limited to the dopaminergic neurons
[25] or to a limited number of substantia nigra samples [10].

In this study, we systematically assessed the transcriptomic evidence for the presence
of changes in cell compositions in the expression data of nine publicly available Parkin-
son’s disease-related microarrays of the substantia nigra (see Figure 1 for an overview).
We conducted the first meta-analysis of these datasets while evaluating the impact of the
cyto-architectural alterations on the differential expression analysis. By correcting for
these effects, we were able to detect genuine disease-related changes in the transcriptional
landscape of the substantia nigra in PD patients. Lastly, we explored the protein interac-
tome of the identified deregulated genes and nominated promising candidates for further
investigations by exploiting their network characteristics.
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Figure 1. Summary of this study. (A) Human substantia nigra microarrays from PD and CTRL were
downloaded from GEO. (B) Cell-proportion deconvolution for six cell types. (C) Differential expres-
sion analysis with and without cell proportions. (D) GSEA on the expression matrix. (E) Central
protein identification in PPI network around detected differentially expressed genes. Drawings of
substantia nigra and cells were obtained from Servier Medical Art templates (Creative Commons
Attribution 3.0 Unported License; https://smart.servier.com accessed on 1 May 2021).

2. Materials and Methods
2.1. Transcriptome Dataset Acquisition, Preprocessing, and Gender Imputation

We downloaded human gene expression datasets from the Gene Expression Omni-
bus (GEO) using “Parkinson’s disease” and “substantia nigra” as keywords. In total, we
found 10 studies; nine (GSE7621, GSE20333, GSE20292, GSE20163, GSE20164, GSE54282,
GSE49036, GSE43490, and GSE42966) analyzed the substantia nigra for each patient, while
one separately analyzed the medial and the lateral part of the substantia nigra (GSE8397),
from which we only used the lateral part as it is more affected in PD [26]. GSE54282 was
excluded from analysis because of the small number of available samples. Only probes
mapping to an Entrez ID using the biomaRt package version 2.42.1 [27] were kept. When
multiple probes mapped to the same Entrez ID, we kept the one with the maximum vari-
ance and connectivity using the collapseRows function from the WGCNA package ver-
sion 1.69 [28], resulting in a total of 18,948 genes. We used gene expression as already
processed in the original studies (either Robust Multichip Average normalization or the
Affymetrix microarray suite), and we removed outlier samples according to the original
publications. Finally, expression data were log-transformed, and the merged dataset was
quantile normalized with the normalizeBetweenArrays function from the limma package
version 3.42.2 [29]. Since gender information was not always available, we used the mas-
siR package version 1.22.0 [30] to annotate all the samples using the top 75% variable
genes for the prediction.

2.2. DEGs Meta-Analysis

The DEGs were identified by fitting a linear mixed-effects model (LMM). For each
gene probed by two or more studies, two LMMs were fitted using the Imer function from
the ImerTest package version 3.1.2. One LMM accounts for the status and the gender as
fixed effects and the different studies as random effects: Geneey ~ Status + Gender +
(11Study), with (11Study) indicating a one-hot encoding of the study. The other LMM also
accounts for estimates of cell types (neurons (NEU) and oligodendrocytes (ODC)) as fixed
effects: Geneey ~ Status + NEU + ODC + Gender+(11Study). We chose to only use a subset of
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Estimated cell-proportions

the cell types as covariates to avoid the introduction of collinear predictors. Specifically,
we included those cell types whose estimates are only weakly correlated with the esti-
mates of the other cell types in the model but highly correlated with the excluded ones
(Supplementary Figure S1A). Moreover, we ensured to include cell types whose estimates
showed changes in opposite directions between PD and CTRL (Figure 2B). The p-values
were corrected using the Benjamini-Hochberg (BH) method.
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Figure 2. Cyto-architectural heterogeneity as estimated from bulk transcriptomics using the decon-
volution strategy of TOAST. (A) Cell estimates of six cell types in substantia nigra across different
datasets and conditions. Blue, CTRL; red, PD. Significant variations are indicated by asterisk (p <
0.05). (B) Bar plot of the standardized mean differences (SMD) in cell estimates from the random-
effects meta-analysis conducted with metafor. BH-adjusted p-values are reported between brackets,
significant differences are indicated by asterisks “*” (BH p < 0.05), and standard errors for each cell
type are reported as error bars. (C) Number of DEGs of the cell proportion-aware LMM probed by
a specific number of microarrays in our dataset.

2.3. Processing of Substantia Nigra Single-Nucleus Data

Human substantia nigra single-nucleus RNAseq data [31] were downloaded from
GEO (GSE140231) and preprocessed with Seurat package version 2.3.0 [32] according to
the original publication. Cell markers for each cluster compared to all the others were
identified from transcripts detected in at least 30% of the available cells, with a log fold
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change higher than 0.5 using the function Find AllMarkers. The clusters were broadly an-
notated into six cell types using well-known markers: GFAP and GINS3 for the astrocytes;
MOBP and MOG for the oligodendrocytes; CSFIR and OLRI for the microglia; GAD]I,
GAD2, GABRA, SLC6A3, and TH for the neurons; VCAN for the oligodendrocyte precur-
sor cells; LGALS1 and RGS5 for the endothelial cells.

2.4. Cell-Type Proportion Estimation and Marker Selection

Cell-type proportions were estimated by deconvolution using the function MDeconv
from the TOAST package version 1.1.2 [24,33]. We considered six brain cell types: astro-
cytes, endothelial cells, general neurons, microglia, ODCs, and OPCs. We also repeated
the deconvolution step and estimated the proportions of the same cell types, as well as of
dopaminergic neurons in place of the general neuronal population. We used TH and
SLC6A3 as input markers to infer the dopaminergic neuron proportion. For the other six
cell types, we used subsets of 20 markers for each study selected among the 5500 markers
from the Brain Cell Type—Specific Gene Expression Analysis package version 1.0.0 (BRE-
TIGEA) [19] (Supplementary Materials). Correlation analysis of the BRETIGEA markers
shows clustering by cell types (Supplementary Figure S2). Furthermore, we evaluated
whether the BRETIGEA-derived marker sets were enriched in the correct substantia nigra
cell type using expression-weighted cell-type enrichment (EWCE) (Methods) (Supple-
mentary Table S1). This showed that, in 50 of the six cell types for each of the nine studied
cases (93%), the markers were enriched in the expected cell types (Supplementary Table
S1). The four cases in which the sole enrichment was not in the expected cell types all
involved OPC markers. Two studies (GSE43490, GSE7621) showed a close-to-significant
enrichment after the BH correction; in one study (GSE49036), the OPC markers were sig-
nificantly enriched in the expression signature of OPCs and neurons, while, in the other
study (GSE20292), no significant enrichment was found in any cell type for the OPC mark-
ers.

2.5. Cell-Type Proportion Comparison and Statistical Analyses

For each study and cell type, statistically significant differences in the estimates of a
cell type proportion between the CTRL and the PD substantia nigra were assessed with a
linear model controlling for the other annotated covariates, i.e., Proportionceirye ~ Status +
Gender + Age + BraakStaging. To verify the shared alterations in proportions across the
studies, we also conducted a random-effects meta-analysis with metafor version 2.1.0 [34].
For each deconvoluted cell type and study, the standardized mean difference was calcu-
lated between cases and controls. Effect sizes were combined with the rma.uni function
from the metafor package. Finally, the p-values were corrected using the BH method.

2.6. Gene Set Enrichment Analysis

Gene set enrichment analysis (GSEA) was performed using the Fast gene set enrich-
ment analysis package version 1.12.0 (fgsea) [35], 100,000 permutations, with the Gene
Ontology (GO) and the Canonical dataset downloaded from the Molecular Signatures Da-
tabase (MSigDB). For the GSEA on the gene expression, the genes in our dataset were first
ranked in descending order by the negative logarithm in base 10 of the adjusted p-values
multiplied for the sign of the effect size. For the GSEA of the PPI network, nodes were
ranked by the betweenness centrality [36]. All p-values were corrected using the BH
method.

2.7. Expression-Weighted Cell-Type Enrichment (EWCE)

Gene set enrichment for specific cell types was done using the expression-weighted
cell-type enrichment (EWCE) [37] package version 1.0.1. To this aim, we first calculated
the average expression matrix for each cell type in the substantia nigra using the Aver-
ageExpression from the Seurat package using the GSE140231 dataset. For each tested list,
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10,000 randomly sampled (equal sized) gene sets from all genes in the average expression
matrix were used to calculate the p-values, which were then adjusted using BH correction.

2.8. Protein-Protein Interaction Network Construction and Analysis

A protein-protein interaction network was built from six publicly available data-
bases: (1) the Human Reference Interactome and Literature Benchmark (HuRI) [38], (2)
the Biological General Repository for Interaction Datasets (BioGRID build 3.5.186) [39], (3)
STRING v11 database [40], (4) the Integrated Interactions Database, Version 2018-11 (IID)
[41], (5) BioPlex 3.0 [42], and (6) IntAct Database [43]. For all databases, only experimen-
tally validated interactions were selected, the lists were merged, and nonhuman proteins,
nodes with just one edge, self-interactions, and duplicated interactions were removed.
The final graph was visualized in Cytoscape 3.8.0 and analyzed with the R package igraph
1.2.5 [44]. Fisher’s exact test (FET) was used to test for the enrichment in the whole net-
work and in the central proteins for typical PD-causing genes, selected according to
MDSGene (https://www.mdsgene.org/g4d (accessed on 04/04/2021)), and for the genes in
proximity of PD risk variants [8](downloaded from GWAS Catalog,
https://www.ebi.ac.uk/gwas/ (accessed on 04/04/2021)). The number of human protein-
coding genes was used as background for the tests on the whole network, while the net-
work size was used for those with central proteins.

3. Results
3.1. Alterations in Composition of the Substantia Nigra Are Heterogeneous

In total, 70 control (CTRL) and 88 PD transcriptomes were put together in our study.
After imputing the gender for all samples (Methods), there were 62 females (27 CTRL, 35
PD) and 96 males (43 CTRL, 53 PD), with an average age of death of 75 years (Table 1). To
capture the PD induced cyto-architectural alterations, we estimated the proportions of six
cell types (astrocytes, endothelial cells, general or dopaminergic neurons, microglia,
ODCs, and OPCs) from the bulk data using computational deconvolution (Methods). This
revealed cell proportion heterogeneity; not only between the two groups, i.e., CIRL and
PD patients, but also within each group (across samples), as well as between datasets (Fig-
ure 2A, Supplementary Table S2). Although we observed similar trends between CTRL
and PD brains, the alterations in cell proportions were not consistently replicated across
the analyzed datasets. To identify consistent alterations, shared among datasets, we con-
ducted a meta-analysis of the estimated cell type proportions. This showed a significant
increase in endothelial cells and oligodendrocytes as opposed to a decrease in the neu-
ronal estimates (Figure 2B, Supplementary Table S2). In the meta-analysis, the change in
the fraction of neurons was the strongest, followed by that in ODCs and then in endothe-
lial cells. The estimated fraction of dopaminergic neurons was highly concordant with that
of the general neuron population (average Pearson’s correlation coefficient 0.81 + 0.16),
suggesting that we can use the fraction of neurons as proxy for that of dopaminergic neu-
rons. This is beneficial as the fraction of neurons can be estimated using a larger number
of markers, thus resulting in more accurate estimates.

Table 1. Overview of the studies contributing data to our analyses.

GEOID Tissue #CTRL (F:M) #PD (F:M) Platform #n Probes F:-M Aver]a)geea:;ge of Reference
GSE7621 SN 9 (5:4) 16 (3:13) GPL570 54,675 8:17 78 [45]
GSE8397 LatSN 7 (2:5) 9 (4:5) GPL96 22,283 6:10 76 [46]
GSE20333 SN 6 (1:5) 6 (5:1) GPL201 8793 6:6 78 [47]
GSE20292 SN 15 (5:10) 11 6:5) GPL96 22,283 11:15 73 [48]
GSE20163 SN 9 (1:8) 8 (4:4) GPL9% 22,283 5:12 74 [49]
GSE20164 SN 5 (4:1) 6 (2:4) GPL9% 22,283 6:5 82 [50]
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GSE49036
GSE43490
GSE42966

SN
SN
SN

8 (5:3) 15(7:8)  GPL570 54,675 12:11 78 [51]
5(2:3) 8(0:8) GPL6480 41,108 2:11 74 [52]
6 (2:4) 9(4:5) GPL4133 45,220 6:9 73 [53]

3.2. The Cyto-Architectural Alterations Are a Major Confounder in the DEG Identification

To detect consistent differentially expressed genes (DEGs), we fitted a linear mixed-
effects model (LMM) for each gene across all datasets, with a random effect for the differ-
ent studies and fixed effects for gender and CTRL/PD status (Methods). Out of the 1050
deregulated genes between PD and control samples (adjusted p-value <0.05, fold change
(FC) >1.2), 702 were downregulated and 348 were upregulated (Supplementary Table S3).
We then included estimates of the neurons and ODCs as fixed effects into the linear mixed
effects model (Methods). We chose to correct only for these two cell types due to their
collinearity with the other cell types (Supplementary Figure S1A). With the second LMM,
we detected a reduced number of DEGs (adjusted p-value <0.05, FC >1.2): 93 instead of the
1050 obtained with the cell proportion-unaware LMM (63 genes overlapping). Out of the
93, 50 were downregulated and 43 were upregulated in PD with respect to the CTRL sam-
ples (Supplementary Table S3, Supplementary Figure S1B). The majority of the DEGs
(69%) were probed in more than seven studies, showing a robust alteration signature
across the datasets despite possible heterogeneity in etiological factors and pathology se-
verity (Figure 2C). None of the PD-causing genes nor any of the genes proximal to GWAS
risk variants were found among the DEGs. To find out for which cell types the 93 DEGs
were enriched, we performed an expression-weighted cell-type enrichment with EWCE
(Methods). Downregulated genes appeared to be significantly enriched in neurons,
whereas upregulated genes were not enriched in a specific cell type (Supplementary Table
S4). No significant enrichment was found for the other cell types.

3.3. GSEA Reveals That the Majority of the Altered Pathways in PD Are Downregulated

To explore the effect of the PD-related gene expression deregulation, we conducted
a gene set enrichment analysis (GSEA) for functions in GO and the MSigDB canonical data
set (Methods). Genes were ranked by the signed corrected —log10 p-values obtained from
either LMM. Similarly, to the DEG analyses, accounting for cell composition decreased
the number of significant pathways (adjusted p-value <0.05) (Figure 3, Supplementary Ta-
ble S5). Specifically, 253 significant canonical pathways (92 upregulated and 161 down-
regulated) were identified with the cell proportion-unaware (first) LMM. When applied
to the expression matrix ranked by the cell proportion-aware (second) LMM, only 12 path-
ways (two upregulated and 10 downregulated) remained significant, and one pathway,
upregulation of the heat-shock transcription factor 1 (HSF1) activation pathway, became
significant. Among the pathways that lost significance between the two LMMs, there were
pathways such as neurotransmitter receptors and postsynaptic signal transmission (Reac-
tome), Parkinson’s disease (KEGG), oxidative phosphorylation (KEGG), and alpha-synu-
clein (PID) pathways.
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Figure 3. Comparison of the GSEA for the genes ranked by the two linear mixed models (LMMs).
Top 10 significant hits of the cell proportion-aware (second) LMM (diamond) compared with their
respective values from the cell proportion-unaware (first) LMM (circle). Each shape is colored by
the normalized enriched scores (NES); —log10 of the adjusted p-value is reported on the x-axis. The
significance threshold (BHp = 0.05) is indicated by the dashed vertical line. (A) Top results for gene
ontology cellular component (GOCC); (B) Top results for gene ontology molecular function
(GOMF); (C) Top results for gene ontology biological process (GOBP); (D) Top results for canonical
data set.

3.4. PPI Partners of DEGs Are Enriched for Genes Expressed in Endothelial Cells and Neurons

To identify the interaction partners of the proteins encoded by the DEGs, we con-
structed a protein-protein interaction (PPI) network based on the BioPlex, Biogrid, HuRI,
IID, IntAct, and String databases (Methods). Selecting the direct interactors of the 93
DEGs, we obtained a network comprising 5705 proteins and 155,937 edges (Methods, Sup-
plementary Table S6). We assessed the expression-weighted cell-type enrichment with
EWCE of the entire network and found a significant enrichment for endothelial cells and
neurons (Figure 4A, Supplementary Table S57). Among the enriched pathways (using
GSEA), there were potassium channels, GABA receptor activation, SLC-mediated trans-
membrane transport, neuronal system, and matrisome (Figure 4B, Supplementary Table
S8). Moreover, this network contained all of the six PD-causing genes.
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Figure 4. PPI network analyses. (A) EWCE results for the full network and central protein. The
number of standard deviations of the expression of each list from the mean level expression of 10,000
equally sized random lists is reported for each cell type. BH-corrected p-values are reported between
brackets. (B) GSEA results of the nodes in the network ranked by betweenness centrality. The ~-log10
value of the adjusted p-value is reported on the x-axis, and the significance threshold (BHp = 0.05)
is indicated by the dashed vertical line. (C) Network of the central proteins extracted from the full
PPI network. Label size is proportional to the protein degree, edge thickness, and color proportional
to the edge betweenness. PD-causing genes (LRRK2, PINK1, PRKN) and the genes closest to a risk
factor (BAG3) are highlighted in brick red and cerulean blue, respectively.

3.5. Central Proteins of DEG PPI Partners Are Known PD-Causing Genes and Genes in Prox-
imity to PD Risk Factors

Within the PPI network of DEG interaction partners, we identified 207 nodes that
have both a degree centrality higher than the 95th percentile (288 nodes) and a between-
ness centrality higher than the 95th percentile (288 nodes). Among these, five (2%) were
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encoded by DEGs. The remaining 202 central nodes were defined as top central proteins
(Figure 4C, Supplementary Table S6). EWCE analysis revealed that these genes are en-
riched in endothelial cells (Figure 4A, Supplementary Table S7). The top proteins were
also enriched in PD-causing genes (three genes out of six, FET p-value 8.1 x 10#) and in-
cluded leucine-rich repeat kinase 2 (LRRK2), Parkin RBR E3 ubiquitin protein ligase
(PRKN), and PTEN-induced putative kinase 1 (PINK1I). Moreover, two of the genes re-
ported in proximity to GWAS risk factors were also among the central proteins: LRRK2
and BAG cochaperone 3 (BAG3).

4. Discussion

We analyzed the influence of cyto-architectural alterations on the transcriptomic sig-
nals from human substantia nigra microarray data from PD patients and CTRL. We
demonstrated that a broad palette of alterations in cell composition was present within
and between strata, as well as across studies. Specifically, the significant decrease in neu-
rons and increase in ODCs in PD with respect to CTRL were the most consistent, but dif-
ferences for microglia and OPCs were also found. The lack of a universal alteration pattern
might be attributed to the mixed cohort of patients assessed, with variable putative etio-
logical factors, phenotype, and disease severity that characterize PD, as well as technical
variability. Nonetheless, a meta-analysis of cell proportions showed a significant decrease
in the neurons and an increase in ODCs and endothelial cells in PD. This pervasive heter-
ogeneity heavily influenced differential expression analysis between PD patients and con-
trols. When not correcting for cell-type composition we found 1050 DEGs in a meta-anal-
ysis. After adjusting for cell type composition, only 63 DEGs remained, along with 30 new
DEGs. Together, these findings provided evidence that the systematic integration of mi-
croarrays of substantia nigra in PD, albeit a popular methodology to increase power in
detecting the DEGs, resulted in many spurious associations when not controlling for cyto-
architecture. The downregulated DEGs identified with the model with correction for cyto-
architecture were significantly enriched in neurons, whereas the upregulated genes were
not enriched in a specific cell type. This might suggest that, despite dopaminergic neurons
being the most affected in PD, alterations in other cell types participate in the neurodegen-
erative process, in accordance with the mounting evidence in this direction [31,54,55].

Estimated cell-type proportions were supported by previous and independent stud-
ies confirming the reliability of the computational deconvolution strategy. Firstly, the ob-
served loss of dopaminergic neurons in substantia nigra is a pathological hallmark of PD.
Secondly, our observation that endothelial cells were increased in the substantia nigra of
PD patients is in line with previous reports [56,57], although it is still unclear whether
endothelial cell expansion is a result or a driver of the inflammation status. Indeed, angi-
ogenesis can be stimulated by molecules secreted by astrocytes and microglia in the reac-
tive status [58,59] in a vicious loop [60]. Thirdly, the increase in microglia in one of the
studies can be related to reactive gliosis present in PD that is known to implicate this cell
type [61]. Fourthly, the observed increase in OPCs and ODCs probably reflects the skewed
neuron/oligodendrocyte ratio in the dissected samples due to the neuronal death. Lastly,
the absence of astrogliosis is in concordance with reports showing absence or at most a
mild increase in immunoreactivity for astrocytic markers in the substantia nigra of PD
patients [62].

The deconvoluted cellular proportions not only uncovered interesting features of the
cyto-architecture of the substantia nigra in PD and adjusted the DEG detection, but also
influenced the pathway analysis. We confirmed alterations in known pathways and func-
tions like the tricarboxylic acid cycle [63], dopamine metabolism [64], proteasome activity
[65], HSF1 activation and attenuation [66], and the expression of genes activated in the
hedgehog pathway in the off status [67]. Furthermore, we also identified an intriguing
decrease in the ammonium transport proteins which, despite having been suggested for
other pathologies [68], has not yet been reported for PD. Intriguingly, previous data sug-
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gest that ammonia accumulation could affect energy metabolism, mitochondria, inflam-
mation, and neurotransmission [69,70]. Importantly, accounting for the cyto-architecture
also showed that several of the usually reported pathways (e.g., Parkinson’s disease path-
way, oxidative phosphorylation, alpha-synuclein pathway) might be driven, at least in
part, by changes in cell composition rather than the pathological status. A similar obser-
vation was also recently reported in PD prefrontal cortex [71], reinforcing the contention
that cyto-architecture is an important covariate with a major impact on our ability to un-
derstand transcriptional changes in bulk transcriptomics.

As interacting partners of DEGs can have consequent altered functionality, we con-
structed a network of protein-protein interactors with the detected DEGs. Cell type en-
richment analysis of this network corroborated that gene deregulation might also have an
impact on neuronal biology through the interacting partners of the DEGs. Furthermore, it
showed ramifications in endothelial cell processes unidentified by the differential expres-
sion analysis. Similarly, the GSEA reinforced the involvement of the neurons and pin-
pointed previously undetected extracellular matrix alterations also reported to be affected
in PD [72]. Importantly, PD-causing genes and those proximal to GWAS variants, albeit
not being differentially expressed, were enriched in this network. This convergent evi-
dence shows how genetically identified genes can have an impact on the transcriptional
landscape of the substantia nigra even when not differentially expressed and supports the
relevance of this network. Exploiting their topological characteristics, we nominated key
proteins that were central in this partner network. Some of the central proteins have in-
deed been implicated in the pathogenesis of PD by independent lines of research, such as
genes whose variants are causative of inherited forms of PD (LRRK2, PINK1, PRKN) [73-
75], are causative of parkinsonian-pyramidal syndrome (FBXO?7) [76], and/or are the clos-
est to risk variants for developing PD (BAG3, LRRK2) [8]. Furthermore, other hits with
compelling evidence supporting their role in neurodegeneration (e.g., GSK38, WWOX,
and VPC) [77,78], corroborate that new potential players in the PD pathogenesis might be
identified among the central proteins we found.

Our cell-type composition-aware meta-analysis comes with some assumptions and
limitations. First, we assumed that the markers used for the cell proportion deconvolution
were not differentially expressed among the conditions. Secondly, by selecting the BRE-
TIGEA markers, we assumed that cortically identified markers could be representative of
the substantia nigra cell populations. Joint clustering of the substantia nigra and cortical
cells by type instead of by region is, however, reported [31]. Moreover, we showed that
the selected markers are enriched in the correct cell types. Together, these data suggest
that this assumption can be made.

There are three major caveats to our study. Firstly, the deconvolution step does not
take into account the differences in cell size or in RNA content of the various cell types,
potentially leading to systematic errors [22]. Secondly, as the sum of the estimates of the
cell-type proportions is constrained to be 100% for each sample, an increase or decrease
in any of the cell types has to result in an equal but opposite alteration in at least one of
the other cell types. Thirdly, the incomplete annotation of the samples across the studies
prevented us from exploring the effect of age, age of onset, pathology progression, geno-
type, and Braak staging on the cell proportions and transcriptional processes, all known
to influence PD severity [79-81].

The future advent of scRNAseq/snRNAseq studies of the human substantia nigra of
PD patients will allow additional steps forward in this area of research to confirm the cyto-
architectural and transcriptomics alterations. Furthermore, genetics and functional stud-
ies are warranted to illuminate the role of the central proteins we identified in PD patho-
logical mechanisms.

In conclusion, our meta-analysis of bulk transcriptomics gives an updated view of
the transcriptional landscape in the substantia nigra of PD patients. In addition to lever-
aging a large number of studies and samples similarly to previous works [12,13], we ac-
counted for the dramatic cyto-architectural alteration induced by PD in this brain area,



Cells 2022, 11, 198

12 of 16

References

uncovering its effects on downstream analyses. Using multiple complimentary ap-
proaches, encompassing the transcriptional and protein-interaction perspectives, we im-
plicate the multiple cell types affected in PD substantia nigra. Moreover, a number of
novel PD candidates and identified enriched biological processes offer clues for a better
understanding of the complex PD pathology, providing steppingstones for further re-
search and the identification of new therapeutic approaches.

Supplementary Materials: The following supporting information can be downloaded at:
www.mdpi.com/article/10.3390/cells11020198/s1. Supplementary Figure S1: (A) Spearman’s corre-
lation between the cell estimates across the studies. (B) Violin plots showing the level of expression
of representative genes in the microarrays before and after correcting for gender only (original
model) in red, or for gender and the cell estimates (corrected model) in blue. CHD9 (cell-unaware
LMM (3 0.229 +0.047 SD BHp 0.0002; cell-aware LMM {3 0156 + 0.053 SD BHp 0.117), and CLK4 (cell-
unaware LMM 3 0.184 + 0.043 SD BHp 0.001; cell-aware LMM f3 0.107 + 0.046 SD BHp 0.251), two
DEGs of the cell-unaware LMM only; OXTR (cell-unaware-LMM 3 -0.174 + 0.075 SD BHp 0.097;
cell-aware LMM 3 -0.32 + 0.076 SD BHp 0.013) and SYN2 (cell-unaware LMM 3 —0.023 + 0.056 SD
BHp 0.839; cell-aware LMM 3 0.214 + 0.046 SD BHp 0.005), two DEGs of the cell-aware LMM only.
(C) Heatmap showing the expression of the DEGs from the cell proportion-aware LMM in the cell
types identified in GSE140231. Gene expression values are scaled for visualization purposes; Sup-
plementary Figure S2: Pearson’s correlation matrices of the expression of the top 20 selected markers
per microarray dataset from the BRETIGEA package and the human substantia nigra snRNAseq
(GSE140231); Supplementary Table S1: BRETIGEA-derived markers for each of the studies ana-
lyzed. EWCE results for the BRETIGEA-derived markers in the GSE140231 summary expression
matrix; Supplementary Table S2. Sheet 1: Results of the linear model to test the differences in the
estimates of the cell types between CTRL and PD. Sheet 2: Results of the metafor meta-analysis of
the cell estimates across the studies; Supplementary Table S3: DEGs identified with the cell propor-
tion-unaware and the cell proportion-aware model; Supplementary Table S4: Results of the EWCE
of the upregulated and downregulated genes from the cell proportion-aware LMM in the
GSE140231 summary expression matrix; Supplementary Table S5: GSEA of the genes ordered by
the signed p-values from the two LMMs. Sheet 1: GOCC. Sheet 2: GOMF. Sheet 3: GOBP. Sheet 4:
Canonical pathways collection; Supplementary Table S6: Network metrics. Node betweenness cen-
trality, degree centrality, and ranking by the two metrics. Hubs, bottlenecks, and central protein
lists; Supplementary Table S7: Results of EWCE for the nodes in the network and the central pro-
teins; Supplementary Table S8: PPI GSEA results. Sheet 1: GOCC. Sheet 2: GOMF. Sheet 3: GOBP.
Sheet 4: Canonical pathways collection.

Author Contributions: A.M. and M.R. designed the research; F.F. performed the research; F.F., C.F.,
V.B., WM., AM. and M.R. analyzed the data and wrote the paper. All authors have read and agreed
to the published version of the manuscript.

Funding: This work was supported by research grants from the Stichting ParkinsonFonds (the
Netherlands) to V.B. (110875) and W.M. (110825) and from Alzheimer Nederland to V.B (WE.03-
2019-07).

Data Availability Statement: All analyses were conducted in R version 3.6.3 on a laptop (IntelR
CoreTM i7-7700HQ CPU 2.80GHz, 8 Gb RAM) running Linux Ubuntu 18.04. All code is freely avail-
able online at https://github.com/f-ferraro/CytoarchitecturePDsn. Datasets analyzed can be freely
downloaded from https://www.ncbi.nlm.nih.gov/geo/ (accessed on 11 January 2021) using the ac-
cession codes GSE7621, GSE8397, GSE20333, GSE20292, GSE20163, GSE20164, GSE49036, GSE43490,
GSE42966, and GSE140231.

Conflicts of Interest: The authors declare no conflict of interest

1.  Surmeier, D.J.; Obeso, J.A.; Halliday, G.M. Selective neuronal vulnerability in Parkinson disease. Nat. Reviews. Neurosci. 2017,
18, 101-113, https://doi.org/10.1038/nrn.2016.178.

2. Poewe, W.; Seppi, K.; Tanner, C.M.; Halliday, G.M.; Brundin, P.; Volkmann, J.; Schrag, A.E.; Lang, A.E. Parkinson disease.
Nature reviews. Dis. Primers 2017, 3, 17013, https://doi.org/10.1038/nrdp.2017.13.

3. Balestrino, R;; Schapira, A. Parkinson disease. Eur. ]. Neurol. 2020, 27, 27-42, https://doi.org/10.1111/ene.14108.



Cells 2022, 11, 198 13 of 16

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Fares, M.B.; Jagannath, S.; Lashuel, H.A. Reverse engineering Lewy bodies: How far have we come and how far can we go?.
Nature reviews. Neuroscience 2021, 22, 111-131, https://doi.org/10.1038/s41583-020-00416-6.

Braak, H.; Del Tredici, K.; Riib, U.; de Vos, R.A,; Jansen Steur, E.N.; Braak, E. Staging of brain pathology related to sporadic
Parkinson'’s disease. Neurobiol. Aging 2003, 24, 197-211, https://doi.org/10.1016/s0197-4580(02)00065-9.

Parkinson, J. An Essay on the Shaking Palsy. ]. Neuropsychiatry Clin. Neurosci. 2002, 14, 223-236.

Bandres-Ciga, S.; Diez-Fairen, M.; Kim, J.J.; Singleton, A.B. Genetics of Parkinson’s disease: An introspection of its journey
towards precision medicine. Neurobiol. Dis. 2020, 137, 104782, https://doi.org/10.1016/j.nbd.2020.104782.

Nalls, M.A.; Blauwendraat, C.; Vallerga, C.L.; Heilbron, K.; Bandres-Ciga, S.; Chang, D.; Tan, M.; Kia, D.A.; Noyce, A.].; Xue,
A.; et al. Identification of novel risk loci, causal insights, and heritable risk for Parkinson’s disease: A meta-analysis of genome-
wide association studies. Lancet. Neurol. 2019, 18, 1091-1102, https://doi.org/10.1016/51474-4422(19)30320-5.

Borrageiro, G.; Haylett, W.; Seedat, S.; Kuivaniemi, H.; Bardien, S. A review of genome-wide transcriptomics studies in Parkin-
son’s disease. Eur. |. Neurosci. 2018, 47, 1-16, https://doi.org/10.1111/ejn.13760.

Keo, A.; Mahfouz, A.; Ingrassia, A.; Meneboo, J.P.; Villenet, C.; Mutez, E.; Comptdaer, T.; Lelieveldt, B.; Figeac, M.; Chartier-
Harlin, M.C.; et al. Transcriptomic signatures of brain regional vulnerability to Parkinson’s disease. Commun. Biol. 2020, 3, 101,
https://doi.org/10.1038/s42003-020-0804-9.

Qerton, E.; Bender, A. Concordance analysis of microarray studies identifies representative gene expression changes in Parkin-
son’s disease: A comparison of 33 human and animal studies. BMC Neurol. 2017, 17, 58, https://doi.org/10.1186/s12883-017-0838-
X.

Zheng, B.; Liao, Z.; Locascio, J.J.; Lesniak, K.A.; Roderick, S.S.; Watt, M.L.; Eklund, A.C.; Zhang-James, Y.; Kim, P.D.; Hauser,
M.A. et al. PGC-1q, a potential therapeutic target for early intervention in Parkinson’s disease. Sci. Transl. Med. 2010, 2, 52ra73,
https://doi.org/10.1126/scitranslmed.3001059.

Wang, Q.; Zhang, Y.; Wang, M.; Song, W.M.; Shen, Q.; McKenzie, A.; Choi, I.; Zhou, X,; Pan, P.Y.; Yue, Z. et al. The landscape
of multiscale transcriptomic networks and key regulators in Parkinson’s disease. Nat. Commun. 2019, 10, 5234,
https://doi.org/10.1038/s41467-019-13144-y.

Jaffe, A.E.; Tao, R.; Norris, A.L.; Kealhofer, M.; Nellore, A.; Shin, ]. H.; Kim, D; Jia, Y.; Hyde, T.M.; Kleinman, J.E.; et al. gSVA
framework for RNA quality correction in differential expression analysis. Proc. Natl. Acad. Sci. USA 2017, 114, 7130-7135,
https://doi.org/10.1073/pnas.1617384114.

Srinivasan, K.; Friedman, B.A.; Larson, J.L.; Lauffer, B.E.; Goldstein, L.D.; Appling, L.L.; Borneo, J.; Poon, C.; Ho, T; Cai, F.; et
al. Untangling the brain’s neuroinflammatory and neurodegenerative transcriptional responses. Nat. Commun. 2016, 7, 11295,
https://doi.org/10.1038/ncomms11295.

Smaji¢, S.; Prada-Medina, C.A.; Landoulsi, Z.; Dietrich, C.; Jarazo, J.; Henck, J.; Balachandran, S.; Pachchek, S.; Morris, C.M.;
Antony, P.; et al. Single-cell sequencing of the human midbrain reveals glial activation and a neuronal state specific to Parkin-
son’s disease. medRxiv 2021, https://doi.org/10.1101/2020.09.28.20202812.

Shen-Orr, S.S,; Tibshirani, R.; Khatri, P.; Bodian, D.L.; Staedtler, F.; Perry, N.M.; Hastie, T.; Sarwal, M.M.; Davis, M.M.; Butt, A ].
Cell type-specific gene expression differences in complex tissues. Nat. Methods 2010, 7, 287-289,
https://doi.org/10.1038/nmeth.1439.

Mancarci, B.O.; Toker, L.; Tripathy, S.J.; Li, B.; Rocco, B.; Sibille, E.; Pavlidis, P. Cross-Laboratory Analysis of Brain Cell Type
Transcriptomes with Applications to Interpretation of Bulk Tissue Data. eNeuro 2017, 4, ENEURO.0212-17,
https://doi.org/10.1523/ENEURO.0212-17.2017.

McKenzie, A.T.; Wang, M.; Hauberg, M.E.; Fullard, ].F.; Kozlenkov, A.; Keenan, A.; Hurd, Y.L.; Dracheva, S.; Casaccia, P.; Rous-
sos, P.; et al. Brain Cell Type Specific Gene Expression and Co-expression Network Architectures. Sci. Rep. 2018, 8, 8868,
https://doi.org/10.1038/s41598-018-27293-5.

Newman, A.M,; Steen, C.B.; Liu, C.L.; Gentles, A.].; Chaudhuri, A.A.; Scherer, F.; Khodadoust, M.S.; Esfahani, M.S,; Luca, B.A.;
Steiner, D.; et al. Determining cell type abundance and expression from bulk tissues with digital cytometry. Nat. Biotechnol. 2019,
37, 773-782, https://doi.org/10.1038/s41587-019-0114-2.

Wang, X,; Park, ]J.; Susztak, K.; Zhang, N.R.; Li, M. Bulk tissue cell type deconvolution with multi-subject single-cell expression
reference. Nat. Commun. 2019, 10, 380, https://doi.org/10.1038/s41467-018-08023-x.

Zaitsev, K.; Bambouskova, M.; Swain, A.; Artyomov, M.N. Complete deconvolution of cellular mixtures based on linearity of
transcriptional signatures. Nat. Commun. 2019, 10, 2209. https://doi.org/10.1038/s41467-019-09990-5.

Dong, M.; Thennavan, A.; Urrutia, E.; Li, Y.; Perou, CM.; Zou, F; Jiang, Y. SCDC: Bulk gene expression deconvolution by
multiple single-cell RNA sequencing references. Brief. Bioinform. 2021, 22, 416-427, https://doi.org/10.1093/bib/bbz166.

Li, Z.; Guo, Z,; Cheng, Y.; Jin, P.; Wu, H. () Robust partial reference-free cell composition estimation from tissue expression.
Bioinformatics (Oxford, England) 2020, 36, 3431-3438, https://doi.org/10.1093/bioinformatics/btaal84.

Sutherland, G.T.; Matigian, N.A.; Chalk, A.M.; Anderson, M.J; Silburn, P.A.; Mackay-Sim, A.; Wells, C.A.; Mellick, G.D. A cross-
study transcriptional analysis of Parkinson’s disease. PLoS ONE 2009, 4, e4955, https://doi.org/10.1371/journal.pone.0004955.
Duke, D.C.; Moran, L.B.; Pearce, R.K.; Graeber, M.B. The medial and lateral substantia nigra in Parkinson’s disease: mRNA
profiles associated with higher brain tissue vulnerability. Neurogenetics 2007, 8, 83-94, https://doi.org/10.1007/s10048-006-0077-
6.



Cells 2022, 11, 198 14 of 16

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

Durinck, S.; Moreau, Y.; Kasprzyk, A.; Davis, S.; De Moor, B.; Brazma, A.; Huber, W. BioMart and Bioconductor: A powerful
link between biological databases and microarray data analysis. Bioinformatics 2005, 21, 3439-3440, https://doi.org/10.1093/bio-
informatics/bti525.

Miller, J.A.; Cai, C.; Langfelder, P.; Geschwind, D.H.; Kurian, S.M.; Salomon, D.R.; Horvath, S. Strategies for aggregating gene
expression data: The collapseRows R function. BMC Bioinform. 2011, 12, 322, https://doi.org/10.1186/1471-2105-12-322.

Ritchie, M.E.; Phipson, B.; Wu, D.; Hu, Y.; Law, C.W.; Shi, W.; Smyth, G.K. limma powers differential expression analyses for
RNA-sequencing and microarray studies. Nucleic Acids Res. 2015, 43, e47, https://doi.org/10.1093/nar/gkv007.

Buckberry, S.; Bent, S.J.; Bianco-Miotto, T.; Roberts, C.T. massiR: A method for predicting the sex of samples in gene expression
microarray datasets. Bioinformatics 2014, 30, 2084-2085, https://doi.org/10.1093/bioinformatics/btul61.

Agarwal, D.; Sandor, C.; Volpato, V.; Caffrey, T.M.; Monzoén-Sandoval, J.; Bowden, R.; Alegre-Abarrategui, J.; Wade-Martins,
R.; Webber, C. A single-cell atlas of the human substantia nigra reveals cell-specific pathways associated with neurological
disorders. Nat. Commun. 2020, 11, 4183, https://doi.org/10.1038/s41467-020-17876-0.

Butler, A.; Hoffman, P.; Smibert, P.; Papalexi, E.; Satija, R. Integrating single-cell transcriptomic data across different conditions,
technologies, and species. Nat. Biotechnol. 2018, 36, 411-420, https://doi.org/10.1038/nbt.4096.

Li, Z.; Wu, H. TOAST: Improving reference-free cell composition estimation by cross-cell type differential analysis. Genome Biol.
2019, 20, 190, https://doi.org/10.1186/s13059-019-1778-0.

Viechtbauer, W. Conducting meta-analyses in R with the metafor package. J. Stat. Softw. 2010, 36, 1-48, https://www jst-
atsoft.org/v36/i03/.

Korotkevich, G.; Sukhov, V.; Sergushichev, A.; Budin, N.; Shpak, B.; Artyomov, M.N. Fast gene set enrichment analysis. BioRxiv
2019, 060012. https://doi.org/10.1101/060012.

Zito, A.; Lualdi, M.; Granata, P.; Cocciadiferro, D.; Novelli, A.; Alberio, T.; Casalone, R.; Fasano, M. Gene Set Enrichment Anal-
ysis  of Interaction Networks Weighted by Node Centrality. Front. Genet. 2021, 12, 577623.
https://doi.org/10.3389/fgene.2021.577623.

Skene, N.G.; Grant, S.G. Identification of Vulnerable Cell Types in Major Brain Disorders Using Single Cell Transcriptomes and
Expression Weighted Cell Type Enrichment. Front. Neurosci. 2016, 10, 16, https://doi.org/10.3389/fnins.2016.00016.

Luck, K;; Kim, D.-K; Lambourne, L.; Spirohn, K.; Begg, B.E.; Bian, W.; Brignall, R.; Cafarelli, T.; Campos-Laborie, F.J.;
Charloteaux, B. A reference map of the human binary protein interactome. Nature 2020, 580, 402-408,
https://doi.org/10.1038/s41586-020-2188-x.

Oughtred, R.; Stark, C.; Breitkreutz, B.]J.; Rust, J.; Boucher, L.; Chang, C.; Kolas, N.; O'Donnell, L.; Leung, G.; McAdam, R.; et al.
The BioGRID interaction database: 2019 update. Nucleic Acids Res. 2019, 47, D529-D541. https://doi.org/10.1093/nar/gky1079.
Szklarczyk, D.; Gable, A.L.; Lyon, D.; Junge, A.; Wyder, S.; Huerta-Cepas, ].; Simonovic, M.; Doncheva, N.T.; Morris, ].H.; Bork,
P.; et al. STRING v11: Protein-protein association networks with increased coverage, supporting functional discovery in ge-
nome-wide experimental datasets. Nucleic Acids Res. 2019, 47, D607-D613, https://doi.org/10.1093/nar/gky1131.

Kotlyar, M.; Pastrello, C.; Malik, Z.; Jurisica, I. IID 2018 update: Context-specific physical protein-protein interactions in human,
model organisms and domesticated species. Nucleic Acids Res. 2019, 47, D581-D589, https://doi.org/10.1093/nar/gky1037.
Huttlin, E.L.; Bruckner, R.J.; Navarete-Perea, ].; Cannon, ].R.; Baltier, K.; Gebreab, F.; Gygi, M.P.; Thornock, A.; Zarraga, G.; Tam,
S.; et al. Dual Proteome-scale Networks Reveal Cell-specific Remodeling of the Human Interactome. Cell 2020, 184, 3022-
3040.e28. https://doi.org/10.1016/j.cell.2021.04.011.

Orchard, S.; Ammari, M.; Aranda, B.; Breuza, L.; Briganti, L.; Broackes-Carter, F.; Campbell, N.H.; Chavali, G.; Chen, C.; del-
Toro, N.; et al. The MIntAct project—IntAct as a common curation platform for 11 molecular interaction databases. Nucleic Acids
Res. 2014, 42, D358-D363, https://doi.org/10.1093/nar/gkt1115.

Csardi, G.; Nepusz, T. The igraph software package for complex network research. InterJournal, Complex. Syst., 2006, 1695, 1-9,
Available online: https://igraph.org.

Lesnick, T.G.; Papapetropoulos, S.; Mash, D.C.; Ffrench-Mullen, J.; Shehadeh, L.; de Andrade, M.; Henley, J.R.; Rocca, W.A;
Ahlskog, J.E.; Maraganor, D.M. A genomic pathway approach to a complex disease: Axon guidance and Parkinson disease.
PLoS Genet. 2007, 3, €98, https://doi.org/10.1371/journal.pgen.0030098.

Moran, L.B.; Duke, D.C.; Deprez, M.; Dexter, D.T.; Pearce, R.K.; Graeber, M.B. Whole genome expression profiling of the medial
and lateral substantia nigra in Parkinson’s disease. Neurogenetics 2006, 7, 1-11, https://doi.org/10.1007/s10048-005-0020-2.
Grunblatt, E.; Mandel, S.; Jacob-Hirsch, J.; Zeligson, S.; Amariglo, N.; Rechavi, G.; Lj, J.; Ravid, R.; Roggendorf, W.; Riederer, P.;
et al. Gene expression profiling of parkinsonian substantia nigra pars compacta; alterations in ubiquitin-proteasome, heat shock
protein, iron and oxidative stress regulated proteins, cell adhesion/cellular matrix and vesicle trafficking genes. J. Neural. Transm.
2004, 111, 1543-1573, https://doi.org/10.1007/s00702-004-0212-1.

Zhang, Y.; James, M.; Middleton, F.A.; Davis, R.L. Transcriptional analysis of multiple brain regions in Parkinson’s disease
supports the involvement of specific protein processing, energy metabolism, and signaling pathways, and suggests novel dis-
ease mechanisms. Am. |. Med. Genet. B Neuropsychiatr. Genet. 2005, 137, 5-16, https://doi.org/10.1002/ajmg.b.30195.

Miller, RM.; Kiser, G.L.; Kaysser-Kranich, T.M.; Lockner, R.J.; Palaniappan, C.; Federoff, H.]. Robust dysregulation of gene
expression in substantia nigra and striatum in Parkinson’s disease. Neurobiol. Dis. 2006, 21, 305-313,
https://doi.org/10.1016/j.nbd.2005.07.010.



Cells 2022, 11, 198 15 of 16

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

Hauser, M.A,; Li, Y.J.; Xu, H.; Noureddine, M.A.; Shao, Y.S.; Gullans, S.R.; Scherzer, C.R.; Jensen, R.V.; McLaurin, A.C.; Gibson,
J.R.; Scott, B.L.; Jewett, R.M.; et al. Expression profiling of substantia nigra in Parkinson disease, progressive supranuclear palsy,
and frontotemporal dementia with parkinsonism. Arch. Neurol. 2005, 62, 917-921, https://doi.org/10.1001/archneur.62.6.917.
Dijkstra, A.A.; Ingrassia, A.; de Menezes, R.X,; van Kesteren, R.E.; Rozemuller, A.]J.; Heutink, P.; van de Berg, W.D. Evidence
for Immune Response, Axonal Dysfunction and Reduced Endocytosis in the Substantia Nigra in Early Stage Parkinson’s Disease.
PLoS ONE, 2015, 10, 0128651, https://doi.org/10.1371/journal.pone.0128651.

Corradini, B.Z.; Iamashita, P.; Tampellini, E.; Farfel, ].M.; Grinberg, L.T.; Moreira-Filho, C.A. Complex network-driven view of
genomic mechanisms underlying Parkinson’s disease: Analyses in dorsal motor vagal nucleus, locus coeruleus, and substantia
nigra. BioMed Res. Int. 2014, 2014, 543673, https://doi.org/10.1155/2014/543673.

Bando, S.Y.; lamashita, P.; Fujita, A.; Tampellini, E.; Farfel, ].M.; Grinberg, L.T.; Moreira-Filho, C.A. Transcriptional and Interac-
tome Network Analyses of Substantia Nigra in Progressive Stages of Parkinson’s Disease; Faculdade de Medicina da Universidade de
Sao Paulo: Sao Paulo, Brazil, 2018.

Reynolds, R.H.; Botia, J.; Nalls, M.A_; International Parkinson’s Disease Genomics Consortium; System Genomics of Parkinson’s
Disease; Hardy, J.; Gagliano, T.S.A.; Ryten, M. Moving beyond neurons: The role of cell type-specific gene regulation in Parkin-
son’s disease heritability. NP] Parkinson’s Dis. 2019, 5, 6, https://doi.org/10.1038/s41531-019-0076-6.

Bryois, J.; Skene, N.G.; Hansen, T.F.; Kogelman, L.; Watson, H.]J.; Liu, Z.; Eating Disorders Working Group of the Psychiatric
Genomics Consortium; International Headache Genetics Consortium, 23andMe Research Team; Brueggeman, L.; Breen, G.;
Bulik, C.M.; Arenas, E.; Hjerling-Leffler, J.; Sullivan, P.F. Genetic identification of cell types underlying brain complex traits
yields insights into the etiology of Parkinson’s disease. Nat. Genet. 2020, 52, 482-493, https://doi.org/10.1038/s41588-020-0610-9.
Faucheux, B.A.; Bonnet, A.M.; Agid, Y.; Hirsch, E.C. Blood vessels change in the mesencephalon of patients with Parkinson’s
disease. Lancet (London, England) 1999, 353, 981-982, https://doi.org/10.1016/S0140-6736(99)00641-8.

Desai Bradaric, B.; Patel, A.; Schneider, J.A.; Carvey, P.M.; Hendey, B. Evidence for angiogenesis in Parkinson’s disease, inci-
dental Lewy body disease, and progressive supranuclear palsy. . Neural Transm. 2012, 119, 59-71,
https://doi.org/10.1007/s00702-011-0684-8.

Naldini, A.; Carraro, F. Role of inflammatory mediators in angiogenesis. Current drug targets. Inflamm. Allergy 2005, 4, 3-8,
https://doi.org/10.2174/1568010053622830.

Wada, K.; Arai, H.; Takanashi, M.; Fukae, J.; Oizumi, H.; Yasuda, T.; Mizuno, Y.; Mochizuki, H. Expression levels of vascular
endothelial growth factor and its receptors in Parkinson’s disease. Neuroreport 2006, 17, 705-709,
https://doi.org/10.1097/01.wnr.0000215769.71657.65.

Barcia, C.; Emborg, M.E.; Hirsch, E.C.; Herrero, M.T. Blood vessels and parkinsonism. Front. Biosci. J. Virtual Libr. 2004, 9, 277—
282, https://doi.org/10.2741/1145.

Vila, M.; Jackson-Lewis, V.; Guégan, C.; Wu, D.C.; Teismann, P.; Choi, D.K;; Tieu, K.; Przedborski, S. The role of glial cells in
Parkinson'’s disease. Curr. Opin. Neurol. ,2001, 14, 483-489, https://doi.org/10.1097/00019052-200108000-00009.

Tong, ].; Ang, L.C.; Williams, B.; Furukawa, Y.; Fitzmaurice, P.; Guttman, M.; Boileau, I.; Hornykiewicz, O.; Kish, S.J. Low levels
of astroglial markers in Parkinson’s disease: Relationship to a-synuclein accumulation. Neurobiol. Dis. 2015, 82, 243-253,
https://doi.org/10.1016/j.nbd.2015.06.010.

Griinewald, A.; Kumar, K.R.; Sue, C.M. New insights into the complex role of mitochondria in Parkinson’s disease. Prog. Neu-
robiol. 2019, 177, 73-93, https://doi.org/10.1016/j.pneurobio.2018.09.003.

Masato, A.; Plotegher, N.; Boassa, D.; Bubacco, L. Impaired dopamine metabolism in Parkinson’s disease pathogenesis. Mol.
Neurodegener. 2019, 14, 35, https://doi.org/10.1186/s13024-019-0332-6.

McNaught, K.S.; Belizaire, R.; Isacson, O.; Jenner, P.; Olanow, C.W. Altered proteasomal function in sporadic Parkinson’s dis-
ease. Exp. Neurol. 2003, 179, 38-46, https://doi.org/10.1006/exnr.2002.8050.

Gomez-Pastor, R.; Burchfiel, E.T.; Thiele, D.J. Regulation of heat shock transcription factors and their roles in physiology and
disease. Nature reviews. Mol. Cell Biol. 2018, 19, 4-19, https://doi.org/10.1038/nrm.2017.73.

Gonzalez-Reyes, L.E.; Verbitsky, M.; Blesa, J.; Jackson-Lewis, V.; Paredes, D.; Tillack, K.; Phani, S.; Kramer, E.R.; Przedborski,
S.; Kottmann, A.H. Sonic hedgehog maintains cellular and neurochemical homeostasis in the adult nigrostriatal circuit. Neuron
2012, 75, 306-319, https://doi.org/10.1016/j.neuron.2012.05.018.

Adlimoghaddam, A.; Sabbir, M.G.; Albensi, B.C. Ammonia as a Potential Neurotoxic Factor in Alzheimer’s Disease. Front. Mol.
Neurosci. 2016 9, 57, https://doi.org/10.3389/fnmol.2016.00057.

Cooper, A.J; Plum, F. Biochemistry and physiology of brain ammonia. Physiol. Rev. 1987, 67, 440-519,
https://doi.org/10.1152/physrev.1987.67.2.440.

Kelly, T.; Rose, C.R. Ammonium influx pathways into astrocytes and neurones of hippocampal slices. ]. Neurochem. 2010, 115,
1123-1136, https://doi.org/10.1111/j.1471-4159.2010.07009.x.

Nido, G.S; Dick, F.; Toker, L.; Petersen, K.; Alves, G.; Tysnes, O.B.; Jonassen, I.; Haugarvoll, K.; Tzoulis, C. Common gene
expression signatures in Parkinson’s disease are driven by changes in cell composition. Acta Neuropathol. Commun. 2020, 8, 55,
https://doi.org/10.1186/s40478-020-00932-7.

Raghunathan, R.; Hogan, J.D.; Labadorf, A.; Myers, R.H.; Zaia, ]. A glycomics and proteomics study of aging and Parkinson’s
disease in human brain. Sci. Rep. 2020, 10, 12804, https://doi.org/10.1038/s41598-020-69480-3.



Cells 2022, 11, 198 16 of 16

73.

74.

75.

76.

77.

78.

79.

80.

81.

Kitada, T.; Asakawa, S.; Hattori, N.; Matsumine, H.; Yamamura, Y.; Minoshima, S.; Yokochi, M.; Mizuno, Y.; Shimizu, N. Mu-
tations in the parkin gene cause autosomal recessive juvenile parkinsonism. Nature 1998, 392, 605-608,
https://doi.org/10.1038/33416.

Tolosa, E.; Vila, M.; Klein, C.; Rascol, O. LRRK2 in Parkinson disease: Challenges of clinical trials. Nat. Rev. Neurol. 2020, 16, 97—
107, https://doi.org/10.1038/s41582-019-0301-2.

Valente, E.M.; Abou-Sleiman, P.M.; Caputo, V.; Muqit, M.M.K.; Harvey, K,; Gispert, S.; Ali, Z.; Del Turco, D.; Bentivoglio, A.R;
Healy, D.G.; et al. Hereditary early-onset Parkinson’s disease caused by mutations in PINKI. Science 2004, 304, 1158-1160,
https://doi.org/10.1126/science.1096284.

Shojaee, S.; Sina, F.; Banihosseini, S.S.; Kazemi, M.H.; Kalhor, R.; Shahidi, G.A.; Fakhrai-Rad, H.; Ronaghi, M.; Elah, E. Genome-
wide linkage analysis of a Parkinsonian-pyramidal syndrome pedigree by 500 K SNP arrays. Am. . Hum. Genet. 2008, 82, 1375
1384, https://doi.org/10.1016/j.ajhg.2008.05.005.

Chan, N.; Le, C; Shieh, P.; Mozaffar, T.; Khare, M.; Bronstein, J.; Kimonis, V. Valosin-containing protein mutation and Parkin-
son’s disease. Parkinsonism Relat. Disord. 2012, 18, 107-109, https://doi.org/10.1016/j.parkreldis.2011.07.006.

Wang, H.Y,; Juo, L.L; Lin, Y.T.; Hsiao, M,; Lin, ].T.; Tsai, C.H.; Tzeng, Y.H.; Chuang, Y.C; Chang, N.S.; Yang, C.N.; et al. WW
domain-containing oxidoreductase promotes neuronal differentiation via negative regulation of glycogen synthase kinase 3(3.
Cell Death. Differ. 2012, 19, 1049-1059, https://doi.org/10.1038/cdd.2011.188.

Pagano, G.; Ferrara, N.; Brooks, D.J.; Pavese, N. Age at onset and Parkinson disease phenotype. Neurology 2016, 86, 1400-1407,
https://doi.org/10.1212/WNL.0000000000002461.

Fereshtehnejad, S.M.; Zeighami, Y.; Dagher, A.; Postuma, R.B. Clinical criteria for subtyping Parkinson’s disease: Biomarkers
and longitudinal progression. Brain J. Neurol. 2017, 140, 1959-1976, https://doi.org/10.1093/brain/awx118.

Koros, C.; Simitsi, A.; Stefanis, L. Genetics of Parkinson’s Disease: Genotype-Phenotype Correlations. Int. Rev. Neurobiol. 2017,
132, 197-231, https://doi.org/10.1016/bs.irn.2017.01.009.



