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A diagnostic model for Parkinson’s disease D
based on circadian rhythm-related genes
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Abstract

Background Circadian rhythm (CR) disturbance is intricately associated with Parkinson'’s disease (PD). However, the
involvement of CR-related mechanisms in the pathogenesis and progression of PD remains elusive.

Methods A total of 141 PD patients and 113 healthy participants completed CR-related clinical examinations in this
study. To further investigate the CR-related mechanisms in PD, we obtained datasets (GSE7621, GSE20141, GSE20292)
from the Gene Expression Omnibus database to identify differentially expressed genes between PD patients and
healthy controls and further selected CR-related genes (CRRGs). Subsequently, the least absolute shrinkage and
selection operator (LASSO) followed by logistic algorithms were employed to identify the hub genes and construct

a diagnostic model. The predictive performance was evaluated by area under the curve (AUC), calibration curve, and
decision curve analyses in the training set and external validation sets. Finally, RT-qPCR and Western blotting were
conducted to verify the expression of these hub genes in blood samples. In addition, Pearson correlation analysis was
utilized to validate the association between expression of hub genes and circadian rhythm function.

Results Our clinical observational study revealed that even early-stage PD patients exhibited a higher likelihood

of experiencing sleep disturbances, nocturnal hypertension, reverse-dipper blood pressure, and reduced heart rate
variability compared to healthy controls. Furthermore, 4 CR-related hub genes (AGTR1, CALR, BRM14, and XPA) were
identified and subsequently incorporated as candidate biomarkers to construct a diagnostic model. The model
showed satisfactory diagnostic performance in the training set (AUC=0.941), an external validation set GSE20295
(AUC=0.842), and our clinical centre set (AUC=0.805). Additionally, the up-regulation of CALR, BRM14 and the down-
regulation of AGTR1, XPA were associated with circadian rhythm disruption.

Conclusion CR disturbance seems to occur in the early stage of PD. The diagnostic model based on CR-related genes
demonstrated robust diagnostic efficacy, offering novel insights for future clinical diagnosis of PD and providing a
foundation for further exploration into the role of CR-related mechanisms in the progression of PD.
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Introduction

Parkinson’s disease (PD) is a prevalent neurodegenera-
tive disorder characterized by the degeneration of dopa-
minergic neurons in the substantia nigra pars compacta
(SNpc) [1]. PD patients often have typical movement
disorders, such as bradykinesia, static tremor and pos-
tural instability [2]. However, before this range of motor
symptoms occurs, PD patients often experience nonmo-
tor symptoms such as sleep disturbances, hyposmia, and
autonomic dysfunction [3]. Recent studies have revealed
that the progression of nonmotor symptoms of PD is
closely related to circadian rhythm (CR) disturbances
[4-6].

The circadian rhythm, a 24-hour physiological and
behavioural oscillation, is primarily regulated by the
suprachiasmatic nucleus, exhibiting self-sustaining and
synchronous electrical activity [7]. It is widely acknowl-
edged that the sleep—wake cycle is intricately linked to
circadian rhythm function [8]. In PD patients, impaired
circadian rhythm may exacerbate disturbances in sleep-
wake cycles through alterations in melatonin rhythmic-
ity amplitude, leading to increased daytime sleepiness
[9, 10]. A circadian clock control gene known as Tef has
been identified to be associated with slow-wave sleep and
movement disorders, including restless leg syndrome
in in PD patients [11]. Additionally, the manifestation
of CR disturbance in PD patients encompasses not only
sleep-wake cycle disruption but also other dysfunctions
within the autonomic nervous system, such as altera-
tions in blood pressure and heart rate variability (HRV)
[12-14]. Considering the close association between CR
disturbance and early non-motor symptoms of PD, it is
hypothesized that mechanisms related to CR disturbance
may be activated during the early stages of PD. Therefore,
investigating the mechanism underlying PD-related CR
disturbance could unveil pathophysiological mechanisms
associated with the initial phase of PD, which would hold
significant implications for timely diagnosis and treat-
ment initiation.

In this study, we conducted a comparative analysis
of our clinical center to investigate CR disturbances in
early-stage PD patients (Hoehn-Yahr stage I-II), suggest-
ing potential involvement of CR-related mechanisms
in the early progression of PD. To explore these mecha-
nisms further, we employed bioinformatics and machine
learning techniques to identify differentially expressed
genes associated with circadian rhythms (DE-CRRGs),
developed a diagnostic model for PD, and validated its
effectiveness using an external validation dataset. Subse-
quently, we conducted an assessment of the expression
levels of pertinent hub genes in participants’ blood sam-
ples to validate the significance of these identified hub
genes as potential candidates, thereby further elucidating
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the crucial implications of CR-related genes in clinical
diagnosis of PD.

Materials and methods

Participants

In this study, a total of 156 PD patients were recruited
from the neurology department in our hospital, between
September 2020 and October 2022. Among them, 12
patients did not cooperate with the completion of rel-
evant examinations, and 3 refused to participate in
the follow-up, resulting in a final inclusion of 141 PD
patients. These patients were diagnosed with idiopathic
PD according to the UK PD Society Brain Bank crite-
ria. Additionally, we recruited a total of 113 matched
healthy control participants from our hospital’s physical
examination centre. All participants provided informed
consent for their participation in this study which was
approved by our hospital’s Ethics Committee.

Clinical data collection and evaluation

Participants’ sleep-related clinical indicators were
recorded using polysomnography (PSG). In this study,
sleep fragmentation was defined as the occurrence of fre-
quent microarousals lasting more than 3 s but less than
10 s [15]. Sleep-disordered breathing (SDB) was defined
as the presence of five or more apnoeic or hypopnoeic
events per hour [15]. The Disease Sleep Scale (PDSS),
a standardized Chinese version consisting of 15 spe-
cific items, was used to assess the total sleep quality of
PD patients [9]. Blood pressure (BP)-related indicators
were monitored by measuring 24 h ambulatory blood
pressures. In this study, (1) nocturnal hypertension was
considered a mean nighttime blood pressure>120/70
mmHg; (2) awakening hypotension was considered a sys-
tolic blood pressure that had decreased by 220 mmHg
within 60 min after getting up in the morning compared
with the average systolic blood pressure (SBP) measured
the last three times before getting up; (3) reverse dipping
hypertension was considered a decrease in BP at night of
less than 10% [the calculation formula is as follows: the
decrease in BP at night = (average SBP during the day-
average SBP at night)/average SBP during the day *100%];
and (4) weighted blood pressure variability (wBPV) was
used as the evaluation index of blood pressure variability.
The calculation formula was as follows: sum of standard
deviations of daytime and nighttime systolic blood pres-
sure after time correction [(daytime blood pressure vari-
ability*15+nighttime blood pressure variability) *9/24].
HRV-related indicators were obtained by conducting
24-hour Holter electrocardiograms, while participants
were instructed to engage in their routine daily activities,
excluding any strenuous physical exertion. The root mean
square of successive RR interval differences (RMSS) and
the standard deviation of all NN intervals (SDNN) were
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measured as parameters for assessing HRV [13]. Cogni-
tive assessments were performed by two neurologists
who remained blinded to the groupings.

Identification and analysis of DE-CRRGs

The Gene Expression Omnibus (GEO) database (http://
www.ncbinlm.nih.gov/geo/) was utilized to obtain
three expression profiles, namely, GSE7621, GSE20141,
GSE20292. Following batch effect removal using the
“sva” software package, these datasets were merged to
create a total of 72 samples consisting of 37 PD patients
and 35 healthy controls. The differentially expressed
genes (DEGs) were identified by the thresholds of log
fold change>0 and p<0.05 after correction. In addition,
weighted gene coexpression network analysis (WGCNA)
was used to identify the PD-related DEGs. The
“goodSamplesGenes” function from the WGCNA pack-
age was utilized to filter out genes and samples that did
not meet the quality criteria. The dynamic tree cutting
method was employed to identify modules exhibiting the
strongest correlation with clinical features. Additionally,
CR-related genes (CRRGs) were obtained from the Gen-
eCards database (https://www.genecards.org/), excluding
those with correlation scores lower than 0.4 (as shown
in Table S1). Finally, DE-CRRGs were determined as the
intersection between DEGs, WGCNA and CRRGs.

The distribution pattern of genes was analysed by gene
set enrichment analysis (GSEA). By employing GSEA,
distinct differences in pathway enrichment between
PD patients and healthy controls were identified. Gene
Ontology (GO) functional analysis was employed to
annotate the gene characteristics. To gain insights
into the pathways, Kyoto Encyclopedia of Genes and
Genomes (KEGG) analysis was conducted on these DE-
CRRGs. The disease enrichment analysis was conducted
by DisGeNET (https://www.disgenet.org/). The protein-
protein interaction (PPI) network was established by uti-
lizing the STRING database.

Identification of hub genes from DE-CRRGs

In order to further select the most disease-relevant char-
acteristic variables from DE-CRRGs, we opted to employ
regularization techniques for variable reduction in order
to mitigate issues of overfitting and multicollinearity.
LASSO, a commonly utilized regularization technique,
simplifies the model by shrinking coefficients of less cor-
related variables towards zero. The resultant relevant
characteristic variables selected through this approach
were subsequently fine-tuned using 10-fold cross-val-
idation [16]. Logistic regression allows for interpretable
coefficients that demonstrate the correlation between
each characteristic variable and the outcome [17]; hence,
we utilized logistic regression to evaluate the impact of
LASSO’s selected variables on outcomes, identifying hub
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genes with p<0.05 as having significant correlations with
disease, which were subsequently used for constructing
predictive models.

Construction and validation of the model

A nomogram was constructed by multiplying the expres-
sion level of each hub gene (expi) with the risk coefficient
(coefi) to obtain a risk score, which was then combined
with the patient’s clinical information (age, sex). The
effectiveness of the nomogram was verified using the
“pROC” package to calculate the area under the receiver
operating characteristic curve (AUC). Calibration curves
were constructed by the “Hmisc” package to assess con-
sistency between predicted probability and actual prob-
ability. Furthermore, a decision curve analysis (DCA)
was performed by the “rmda” package to show the net
benefit of intervention based on the diagnostic model for
PD diagnosis (net benefit was defined as the treatment
benefit for PD patients diagnosed by the model minus
the harm for non-PD patients diagnosed by the model).
Additionally, external independent datasets (GSE20295)
and blood samples from our clinical centre were used to
validate the robustness and reliability of this model.

Single-gene gene set variation analysis (GSVA) enrichment
The GSVA method is widely recognized for its height-
ened sensitivity in detecting subtle variations in pathway
activation levels within a sample population [18]. We
compared the differences in GSVA scores between high-
and low-expression samples of hub genes to observe dif-
ferences in pathway enrichment. In the group exhibiting
high expression of target genes, a positive t value (>0)
signified the activation of associated pathways. Con-
versely, in the group displaying low expression of the tar-
get gene, a negative t value (<0) indicated activation of
the relevant pathway.

Prediction of hub gene-related interactive genes, ceRNA
networks and targeted drugs

The GeneMANIA database was employed to predict the
gene interactions. A combination of MIRDB, TargetScan,
and miRanda databases was used to construct the ceRNA
network. The DSigDB database was utilized to identify
potential target drugs, aiding in the search for potential
therapeutic targets related to PD.

Immunoinfiltration analysis

The “CIBERSORT” package was utilized for quantitative
analysis to compare and contrast the relative proportions
of diverse invasive immune cells across different samples.
Subsequently, correlation analysis was conducted to fur-
ther investigate the associations between these immune
cells as well as between these hub genes and the afore-
mentioned immune cells.


http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
https://www.genecards.org/
https://www.disgenet.org/

Wang et al. Journal of Translational Medicine (2024) 22:635

Real-time quantitative PCR (RT-qPCR)

For mRNA detection, total RNA was extracted and tran-
scribed into cDNA according to the manufacturer’s pro-
tocol (Invitrogen, CA, USA). The mRNA levels of the
hub genes were analysed using the 2722t method. The
sequences of the primers used are provided in Table S2.

Western blotting

We collected blood samples from 74 patients in the PD
group and 62 patients in the healthy control group. These
blood samples were centrifuged at a speed of 3000 rpm
for 10 min to obtain serum, which was then frozen at
—80 °C for subsequent analysis. The expression of these
proteins was verified by Western blotting. The following
primary antibodies were used for Western blotting: anti-
AGTRI1 (1:1000, Proteintech, 25343-1-AP), anti-CALR
(1:1000, Abcam, ab92516) 10292-1-AP), anti-RBM14
(1:1000, Proteintech, 10196-1-AP) and anti-XPA (1:1000,
Proteintech, 16462-1-AP). Finally, Image] software was
used to quantitatively analyse the relative density of the
bands.

Data analysis

In this study, the unpaired T test and Mann-Whitney U
test were used to compare means and medians between
groups, respectively. The chi-square test was employed to
compare classified data across groups. Statistical analysis
was conducted using SPSS 26 software and R software
(version 4.3.1). Statistical significance was determined at
a two-tailed p<0.05.

Results
Circadian rhythm disturbance occurs in patients with early-
stage PD
As shown in Table 1, there were no significant differ-
ences in baseline clinical characteristics between the two
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groups. After adjusting for covariates including age, sex,
and dopamine equivalent dose (LED), both early-stage
(Hoehn—Yahr stages I-II) and late-stage (Hoehn—Yahr
stages III-V) PD patients with sleep disorders exhibited
notable reductions in total sleep score (PDSS) compared
to healthy controls (P<0.05) (Table 2). In addition, PD
patients exhibited a significant increase in sleep fragmen-
tation (P<0.05) compared to healthy controls, accom-
panied by an elevated ratio of periodic limb movement
(PLM) (P<0.05). However, no significant difference was
observed in SDB between early-stage PD patients and
healthy controls, whereas late-stage PD patients had
a higher likelihood of experiencing SDB than healthy
controls (P=0.047). Through the utilization of ambula-
tory blood pressure monitoring over a period of 24 h,
it was found that both early- and late-stage PD patients
were more susceptible to nocturnal hypertension and
reverse dipping hypertension blood pressure patterns
than healthy controls (P<0.05). Awakening hypoten-
sion also served as an indicator of autonomic nervous
system disturbance; however, it was found that morning
hypotension occurred more frequently only among late-
stage PD patients (P=0.037), while no significant differ-
ence was observed between early-stage PD patients and
healthy controls. Moreover, there was no significant dis-
parity observed in the wBPV between the PD group and
the healthy controls. Additionally, 24-hour Holter elec-
trocardiogram monitoring revealed significantly dimin-
ished nocturnal SDNN in both early- and late-stage PD
patients compared to healthy controls (2<0.05), indicat-
ing partial impairment of autonomic nervous function
in PD patients. With regard to cognitive assessment, no
notable distinction was found between patients with
early PD and healthy controls; however, patients with
late-stage PD exhibited varying degrees of cognitive
impairment compared to healthy controls (?<0.001).

Table 1 Clinical and demographic information about PD patients and non-PD controls

Variables PD patients Non-PD controls ~ P*
Hoehn-Yahr Stage All
| Il 1 IV/V
Participants, n 35 32 41 33 141 113
Age, years 693+7.1 69.1£86 705+6.6 724+74 703+73 69.9+9.2 0.57
Gender, male, n (%) 18/35 14/32 25/41 19/33 76(53.9) 57(504) 0.61
Education, years 65+1.6 6.7+14 64+17 64+18 64+1.7 65+1.8 0.65
Smoking, n (%) 2 4 3 3 12(8.5) 8(7.1) 0.81
Drinking, n (%) 5 5 6 3 19(13.5) 12(10.6) 0.57
Hypertension, n (%) 20 19 25 22 86(61.0) 66(58.4) 0.7
Diabetes mellitus, n (%) 4 4 5 5 18(12.8) 12(10.6) 0.69
BMI, kg/m? 246+3.1 245+39 246+35 244+40 245+38 24.6+4.1 0.75
PD duration, median, month 29(12,48) 44 (22,69) 71(39,114) 114(65, 176) 55(31,108)
LED, mg 176.3+146.8 4163+273.1 5945+316.7 7492+£5142  486.5+296.7

2 P value was obtained by comparing all PD patients and non-PD controls

Abbreviations: PD, Parkinson’s disease; BMI, Body Mass Index; LED, levodopa equivalent dose
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Table 2 Circadian rhythm related characteristics between Non-PD controls and PD patients
Variables Non-PD controls PD patients

Hoehn-Yahr Stage P Hoehn-Yahr Stage P°

Early (I and II) Late (lll, IV, and V)
Participants, n 113 67 74
Sleep disturbances
Sleep fragmentation, n (%) 38(33.6) 33(46.5) 0041 41(55.4) 0.004”
SDB, n (%) 39(34.5) 24(35.8) 0.873 36(48.6) 0.047"
PLM, n (%) 5(4.4) 9(134) 0.042" 13(17.6) 0.004™
PDSS 1265479 111.6+126 <0001™ 854+157 <0001™
Blood pressure
Nocturnal hypertension, n (%) 29(25.7) 30(44.8) 0013 31(41.9) 0.025
Awakening hypotension 12(10.6) 12(17.9) 0.179 17(23.0) 0.037"
Reverse-dipper BP, n (%) 22(19.5) 23(34.3) 0033 33(44.6) <0001
WBPV 14.29+6.93 1539+6.32 0.286 16.24+06.67 0.067
Heart rate variability
RMSS D, ms 235+7.7 224483 0372 216479 0.124
RMSS N, ms 31.7+103 305111 0435 293+11.7 0.186
SDNN D, ms 99.2+34.6 98.6+36.2 0.832 94.7+41.6 0.186
SDNN N, ms 1139+37.1 103.2+£38.7 0.048" 99.5+429 0.031°
Cognitive function
MMSE 276413 272415 0117 265418 <0001™
MoCA 268+2.1 263+19 0.083 244426 <0001™"

2P value was obtained by comparing early-stage PD patients and non-PD controls, ® P value was obtained by comparing late-stage PD patients and non-PD controls

Table 3 Information for microarray datasets from GEO database

GSE accession Samples Platform Country Contributor Attribute
PD (n) Control (n)

GSE7621 16 9 GPL570 USA Ffrench-Mullen JM Training set

GSE20141 10 8 GPL570 USA Middleton FA et al. Training set

GSE20292 1 18 GPL96 USA Middleton FA et al. Training set

GSE20295 40 53 GPL96 USA Zhang Y et al. Validation set

Identification and analysis of PD-related DE-CRRGs

The flowchart is shown in Fig. 1. A total of 277 PD-
related DEGs were screened from three datasets, namely,
(GSE7621, GSE20141, GSE20292), comprising 72 samples
(Fig. 2A, B). With a soft threshold P set at 4, the WGCNA
method successfully identified the module genes of
utmost importance. Through hierarchical clustering and
dynamic tree function analysis, it was observed that the
turquoise module exhibited a robust negative correlation
with PD (r=-0.51, p=0.001), while the magenta mod-
ule displayed a significant positive correlation with PD
(r=0.35, p=0.006) (Fig. 2C-F). By intersecting with 2056
CR-related genes from GeneCards, 39 DE-CRRGs were
further identified (Fig. 2G). The GSEA indicated that the
different pathways in the two sample groups were primar-
ily enriched in PD, Alzheimer’s disease, and Huntington’s
disease (Fig. 2H, I). Subsequently, enrichment analyses
were performed separately on these DE-CRRGs (Fig. 3A-
C). The results of GO analysis revealed significant enrich-
ment of DE-CRRGs in the Biological Process module
associated with circadian rhythm and neurotransmit-
ter transport. In terms of cellular component module

analysis, these genes exhibited enrichment in neuronal
cell bodies and synaptic vesicles (Fig. 3A-C). Further-
more, KEGG pathway enrichment analysis demonstrated
that these genes predominantly participated in PD pro-
gression as well as neurotrophic factor signalling path-
ways and dopamine synapses, among others (Fig. 3D, E).
These findings suggest that not only are these DE-CRRGs
involved in the progression of PD, but they may also
be closely associated with circadian rhythm function.
Additionally, protein interaction relationships between
DE-CRRGs were visualized using Cytoscape to present
subnetworks exhibiting high correlation (Fig. 3F-I). The
disease enrichment analysis also revealed that these DE-
CRRGs were tightly associated with Parkinsonian disor-
ders, DOPA-responsive distonia and nerve degeneration
(Fig. 3]).

Construction and validation of a diagnostic model

We employed the machine learning LASSO algorithm
in conjunction with logistic regression to further iden-
tify the hub genes most strongly associated with PD.
By applying a penalty coefficient, LASSO selected 14
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GSE7621, GSE20141,
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LASSO
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A

A

CR related Genes from GeneCards

GO/KEGG Enrichment analysis

plgorithms

Protein-protein Interaction network

sion analysis

Single-gene GSVA Analysis

4 Hub DG-CRRGs

Immune cell infiltration analysis

Evaluation & Validation

A

A

Gene interaction prediction

CeRNA prediction

Gene-targeted drugs prediction

v

ROC curve

Nomogram evaluation and
validation

Calibration curve

Verification

A

A

DCA analysis

External validation GSE20295

Blood sample verification

Fig. 1 Flowchart of the screening and analysis strategy

characteristic variables, which were subsequently sub-
jected to logistic regression analysis to eliminate vari-
ables with P<0.05 (Fig. 4A, B). Subsequently, the
logistic regression algorithm further identified four hub
genes, namely, RNA binding motif protein 14 (RBM14),

Realtime quantitative RT-PCR

Western Blotting
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calreticulin (CALR), angiotensin II receptor type 1
(AGTR1), and xeroderma pigmentosum group A-com-
plementing protein (XPA), with a significance threshold
of p<0.05. A diagnostic model was constructed using a
nomogram model in the training dataset based on these
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four hub genes (Fig. 4C). The nomogram allows for pro-
jecting each indicator’s amount onto the top scale to
obtain its corresponding score. The scores obtained from
each index were then added together and projected onto
the bottom scale to determine the probability of PD in
the subject. Through ROC analysis, we found that each
gene had an AUC greater than 0.7 in the training set,
resulting in an overall AUC of 0.941 for the nomogram
in the training set (Fig. 4D). Furthermore, the external
independent validation dataset (GSE20295) also showed
an overall AUC of 0.842, indicating the satisfactory

applicability and reliability of this nomogram (Fig. 4G,
J). Moreover, calibration curves demonstrated high con-
sistency between actual measurements and predictions
(Fig. 4E, H). DCA also revealed satisfactory clinical bene-
fits associated with this nomogram in training and exter-
nal validation datasets (Fig. 4F, I). Finally, the model also
demonstrated a satisfactory applicability (AUC=0.805),
robust consistency, and acceptable clinically net benefit
in our clinical blood sample validation dataset obtained
from our clinical centre (Fig. ], K, L).
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Fig. 4 Identification of hub genes and construction of the nomogram. (A, B) LASSO algorithm. Fourteen characteristic genes were screened out by
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The cluster heatmap shown in Fig. 5A visually repre-
sents the differential expression patterns of these hub
genes between the PD and control groups. The GO
enrichment analyses revealed significant associations
of these hub genes with CoA-transferase activity and
the regulation of dendritic cell chemotaxis (Fig. 5B).
The KEGG analysis indicated a significant enrichment
of these genes in the renin-angiotensin system pathway
(Fig. 5C). The expression of hub genes was represented
by violin plots in the training set and the external valida-
tion set GSE20295 (Fig. 5D-K).

Hub genes associated with PD-related pathways

Single-gene GSVA pathway enrichment analysis was
performed to reveal the activated pathways between
the groups with high and low expression of each hub
gene (Fig. 6). The high expression of AGTR1 was found
to be closely associated with active pathways, namely,

Page 10 of 20

glycosphingolipid biosynthesis and proteasome activ-
ity. Similar to AGTR], it is also highly correlated with
the proteasome in the high expression of RBM14. The
low expression of RBM14 was associated with circa-
dian rhythm mammals and sulfur metabolism. The high
expression of CALR was related to taurine and hypo tau-
rine metabolism and steroid biosynthesis, while the low
expression of CALR was related to glycine, serine and
threonine metabolism. In addition, the high expression of
XPA may activate the linoleic acid metabolism pathway,
while the low expression of XPA was closely related to
proteasome, pantothenate and CoA biosynthesis.

Relationships between hub genes and immune cells

The CIBERSORT algorithm is commonly employed for
the analysis and comparison of immune cell infiltration
in PD and healthy control groups [19]. We observed dis-
parities in the infiltrating components of immune cells

group

B °
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GSE7621, GSE20141, GSE20292 o
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e
w

group
e
DY
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P0

AGTR1 XPA

BRM14 CALR

Fig. 5 Enrichment analysis of four hub genes. (A) Heatmap of the four hub genes. (B) Circos plot presenting the correlations between the hub genes
and GO functions. (C) Circos plot presenting the correlations between the hub genes and KEGG pathways. (D-G) Violin plots presenting the differential
expression of hub genes in the training set. (H-K) Violin plots presenting the differential expression of hub genes in the external validation set
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Fig. 6 Gene set variation analysis (GSVA) of each hub gene. Red signalling pathways are enriched with high expression of the hub genes, while the
green signalling pathways are enriched with low expression of the hub genes. (A) AGTR1. (B) XPA. (C) RBM14. (D) CALR

between these two groups (Fig. 7A, B). Compared to the
control group, the PD group had higher proportions of
infiltrating plasma cells, CD8 T cells, T follicular helper
cells, MO macrophages, and eosinophils. Conversely,
there were decreases in the proportions of infiltrating
Tregs, T gamma delta cells, activated mast cells and neu-
trophils when compared with the control group. Sub-
sequently, Pearson correlation analysis was performed
to investigate the correlations between hub genes and
immune cell types (Fig. 7C). Correlation analyses among
various immune cell types were also performed (Fig. 7D).
As shown in the lollipop diagrams (Fig. 8A-D), AGTR1
demonstrated close relationships with MO macrophages
(p=0.037), monocytes (p=0.045) and M2 macrophages
(p=0.002). CALR showed strong positive correlations
with plasma cells (»p=0.016), naive B cells (p=0.002), and
active and resting NK cells (p<0.01). RBM14 exhibited

significant positive correlations with dendritic cells
(p=0.014) and eosinophils (p=0.019). However, no sig-
nificant associations were observed between XPA and
any immune cell type in the correlation analysis. Scatter
plots (Fig. 8E-L) were then employed to visually depict
the significant correlations between each hub gene and
immune cells.

Prediction of hub gene-related interacting genes, ceRNA
networks and targeted drugs

To explore other genes that had potential interactions
with the 4 hub genes, we obtained 20 potential genes
that interacted with the hub genes from GeneMANIA
(Fig. 9A). In addition, we used the MIRDB, TargetScan
and miRanda databases to jointly screen potential miR-
NAs interacting with the hub genes and then constructed
the ceRNA network using the SpongeScan database
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(Fig. 9B). Upon screening for potential drugs targeting
the hub genes, we found 43 potential drugs targeting
AGTR1 and 2 potential drugs targeting CALR through
the DGIdb database (Fig. 9C). Unfortunately, we failed to
identify targeted drugs for the remaining two hub genes,
RBM14 and XPA, in the database.

Verification of hub gene expression and association with
sleep disorders in PD patients

We further verified the expression levels of relevant hub
genes in blood samples obtained from 74 PD patients
and 62 healthy control participants at our clinical centre.
Through Western blotting and RT-qPCR detection, we
found that compared with those in the healthy control

group, the expression levels of RBM14 and CALR in the
PD group were increased, while AGTR1 and XPA were
significantly downregulated (Fig. 10). Table 2 reveals
the occurrence of significant sleep disorders in early-
stage PD patients, which prompted us to conduct Pear-
son correlation analysis between hub gene expression
and PDSS score. Our findings indicated positive cor-
relations between AGTR1 (R=0.27, p=0.021) and XPA
(R=0.24, p=0.041) and PDSS scores, while CALR (R=-
0.25, p=0.033) and RBM14 (R=-0.23, p=0.046) exhibited
negative correlations with PDSS scores, suggesting their
potential role in circadian rhythm disturbance among PD
patients (Fig. 10G-]).
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Fig. 10 Verification of hub gene expression and associations with circadian rhythm function (sleep disorders). (A) Expression of mRNA was
detected by RT-gPCR. (B) Protein expression was detected by Western blotting. (C-F) Relative protein expression was calculated as the integrated den-
sity value relative to that of transferrin as a reference. (G-J) Pearson correlations between AGTR1, XPA, CALR, and RBM14 protein levels and PDSS scores.

*p<0.05,*p<0.01, **p<0.001

Discussion

As a neurodegenerative disorder, PD diagnosis currently
mainly relies on clinical symptoms; however, by the
time typical motor symptoms manifest, significant dis-
ease progression may have already occurred, leading to
delayed treatment initiation [20]. Our clinical observa-
tional study revealed that circadian rhythm disturbance
exists in the early stage of PD. The identification of these
potential DE-CRRGs through our study holds significant
implications for elucidating the mechanisms underlying
the early-stage pathogenesis of PD. To the best of our
knowledge, this is the first study to identify genes related
to the circadian rhythm in PD through bioinformatics
followed by machine learning techniques. The LASSO
algorithm followed by logistic regression enabled us to
identify 4 hub genes, which were subsequently utilized
for developing a diagnostic model for PD. Additionally,
we confirmed the protein expression of these hub genes
in blood samples.

In this study, we found that sleep disorders exist in
early-stage PD patients, which is consistent with previ-
ous research findings [10, 21]. Notably, the incidence of
sleep fragmentation was found to be as high as 52.48%
among PD patients, with a higher prevalence observed
in late-stage PD individuals than in early-stage PD indi-
viduals. Sleep periodic limb movement, characterized by
repetitive episodes of rigid flexion movements primar-
ily affecting the lower limbs during the first half of the
night, represents another significant indicator of sleep
disturbance [22]. Previous studies have reported a higher
occurrence of PLM in PD patients, either alone or cooc-
curring with restless legs syndrome (RLS) [23]. Covas-
sin et al. demonstrated a positive correlation between
PLM severity and Unified Parkinson’s Disease Rating
Scale (UPDRS) III scores [24]. Similarly, severe PLM also
tended to be associated with more pronounced motor
symptoms in PD patients according to questionnaire
assessments [25]. These findings further support an inti-
mate relationship between PLM and disease progression
within the context of PD pathology. Consistent with prior
studies, our study revealed a higher prevalence of PLM
among late-stage PD patients than among early-stage PD
patients.

Furthermore, a higher prevalence of SDB was observed
in PD patients at a late stage, potentially attributed to
pharyngeal muscle tissue dysfunction resulting in upper
airway obstruction. A previous study reported that the
likelihood of obstructive sleep apnoea (OSA) is more
than three times higher in individuals with laryngeal

motor dysfunction than in those without [26], indicat-
ing that laryngeal motor dysfunction may be associated
with the development of SDB. Interestingly, no signifi-
cant increase in SDB incidence was observed among
early-stage PD patients compared to healthy controls.
We hypothesize that PD is a chronic neurodegenerative
disorder characterized by a-synuclein accumulation,
mitochondrial dysfunction, neuronal degeneration, and
subsequent muscle motor impairment—a gradual pro-
cess [27]. In turn, hypoxia during sleep can also elevate
a-synuclein levels in individuals with respiratory sleep
disorders [28, 29]; thus, SDB may also exacerbate or
accelerate the progression of PD. Consequently, there
exists an intricate interplay between PD and sleep apnoea
disorders that might exhibit cumulative effects, particu-
larly during later stages of the disease.

In terms of HRV, our findings indicated that patients
with both early and late stages of PD exhibited signifi-
cantly reduced SDNN only during nighttime, suggest-
ing impaired autonomic function compared to healthy
controls. However, no differences in HRV were observed
during the day in this study. We speculate that increased
vagus nerve excitability at night may contribute to the
detectable differences in HRV at night among PD patients
and healthy controls. A recent study also revealed sig-
nificant reductions in HRV indicators, including SDNN,
low-frequency, and high-frequency, among tremor-dom-
inant PD patients in the early stage compared to healthy
controls [30]. Tomomichi et al. found a close relationship
between HRV and the degree of striatal dopamine con-
sumption in PD patients, indirectly indicating an asso-
ciation between HRV and disease progression in PD [31].
Overall, our findings revealed circadian rhythm distur-
bance characterized by sleep disorders, changes in blood
pressure rhythm, and reduced HRV emerging in early-
stage PD patients, suggesting the potential involvement
of circadian rhythm-related mechanisms in the early
stage of PD.

AGTR1 belongs to the angiotensin group of G-protein-
coupled receptors and serves as a potent primary regu-
lator of vasopressor hormone and aldosterone secretion
[32]. A previous study based on postmortem in vitro
autoradiography on brains from late-stage PD patients
revealed reduced angiotensin receptor content in the
SNpc and striatum of PD patients [33]. Kamath et al.
also identified that the SOC6_AGTR1 subgroup of neu-
rons exhibited the most significant loss in PD patients
through the mononuclear RNA test area of human SNpc
dopaminergic neurons, suggesting a potential association
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between AGTR1 expression and susceptibility to neuro-
degeneration [34]. Consistent with previous research, we
also observed a significant downregulation of AGTR1
expression in PD patients compared to healthy controls.
Activation of AGTR1 by the brain renin—angiotensin
system (RAS) is believed to promote oxidative stress and
inflammatory responses, thereby accelerating the degen-
eration of dopaminergic neurons [35-37]. Angiotensin
was also found to enhance the toxic effect of 6-OHDA
in rat models treated with 6-OHDA-induced PD [38].
The AGTR1 antagonist ZD 7155 effectively attenuated
6-OHDA-induced lipid peroxidation and protein oxida-
tion while concurrently mitigating the degeneration of
dopaminergic neurons [39]. Moreover, AGTRI1 activation
was found to be closely associated with the upregulation
of NLRP3, pro-IL-18, and other components implicated
in inflammasome activation [40]. Recent clinical stud-
ies have focused on investigating the potential thera-
peutic and protective effects of angiotensin antagonists
in patients with PD [41-43]. It has been observed that
treatment with AGTR1 antagonists significantly reduces
the total UPDRS score after one year in PD patients
with hypertension, whereas this effect is not observed
in patients receiving angiotensin-converting enzyme
(ACE) inhibitor treatment [41]. These findings suggest a
potential neuroprotective role of AGTR1 antagonists in
PD. Simultaneously, renin angiotensin receptors exhibit
a close association with circadian rhythm function, par-
ticularly in relation to blood pressure rhythm [44]. There-
fore, conducting further investigations into the intricate
mechanism linking renin angiotensin and the circadian
rhythm of blood pressure during the early stage of PD
holds immense significance in unravelling the underlying
mechanisms behind its initial pathogenesis.

In addition, we observed a significant downregulation
of XPA in PD patients compared to healthy controls.
XPA is a gene that encodes a zinc finger protein and plays
a crucial role in nucleotide excision repair, which ensures
genomic stability for healthy ageing and cognitive main-
tenance [45]. Mutations in genes encoding crucial DNA
repair proteins can lead to diseases characterized by
accelerated ageing phenotypes [46]. XPA-deficient cells
exhibit deficiencies in mitochondrial autophagy, exces-
sive division of PTEN-induced putative kinase 1 (PINK1),
increased mitochondrial membrane potential, and
depletion of cellular nicotinamide adenine dinucleotide
(NAD+), resulting in impaired mitochondrial autophagy,
disturbances in energy supply, and ultimately neuronal
degeneration [46, 47]. Low expression of XPA may con-
tribute to defects in DNA repair mechanisms, leading to
mitochondrial dysfunction and subsequent degeneration
within dopaminergic neurons. Consistent with previ-
ous findings, our study also revealed decreased expres-
sion levels of XPA in PD patients. Moreover, it has been
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discovered that the circadian oscillation characteristics
exhibited by the XPA protein are vital for repairing cispl-
atin-induced damage through nucleotide excision repair
pathways [48]. Therefore, investigating whether these
circadian oscillation features are associated with clinical
symptoms related to circadian disturbance observed in
PD warrants further exploration.

In PD patients, we also identified two upregulated pro-
teins, CALR and RBM14, which are associated with cir-
cadian rhythm regulation. CALR is a highly conserved
chaperone protein predominantly localized in the endo-
plasmic reticulum (ER) and is involved in various cel-
lular processes, including protein folding and calcium
homeostasis [49]. The ER stress response often serves as
a defence mechanism against the accumulation of mis-
folded proteins in the ER and is closely associated with
neurodegenerative disorders such as PD [50, 51]. Dukes
et al, through dopamine-induced ER stress response,
revealed that activation of chaperones in the ER, includ-
ing CALR, may accelerate PD progression via allosteric
protein response [52]. Lee et al. treated mouse dopami-
nergic neurons with 6-hydroxydopamine hydrobromide
(6-OHDA) and observed a time-dependent increase in
CALR expression, suggesting its association with cell
stress tolerance and cell death signalling in PD [53].
A study revealed an increased number of cholinergic
interneurons expressing CALR in the striatum of cyno-
molgus monkey models of PD, implying that secondary
changes induced by PD pathology might influence altera-
tions in CALR expression [54]. In addition, it has been
discovered that melatonin, a key regulator of circadian
rhythm function, could exert its influence by interact-
ing with membrane melatonin 1 and melatonin 2 recep-
tors and modulating intracellular proteins such as CALR
[55]. Therefore, considering the potential involvement of
CALR in circadian rhythm regulation and the pathogen-
esis of PD, investigating CALR-related mechanisms may
contribute to a deeper understanding of the underlying
mechanisms behind circadian rhythm disruption in PD.

RBM14, which encodes a ribonucleoprotein that
serves as a general nuclear coactivator and regulator of
RNA splicing, is recruited to DNA double-strand breaks
in a poly(ADP-ribose)-dependent manner [56]. DNA-
dependent poly(ADP-ribose) polymerase 1 (PARP1),
which plays a pivotal role in the DNA damage response
network, is closely associated with the progression of
neurological diseases, particularly neurodegenerative
disorders such as amyotrophic lateral sclerosis and fron-
totemporal lobe degeneration. In PD, alongside mito-
chondrial dysfunction, oxidative stress levels increase,
and DNA damage worsens [57]. Therefore, the activation
of RBM14 may occur in response to the corresponding
DNA repair process to maintain homeostasis. We also
observed the upregulation of RBM14 expression in PD
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patients. However, limited research has been conducted
on RBM14 within the field of PD; thus, further investiga-
tions are warranted to elucidate its potential function in
PD.

We developed a diagnostic model based on DE-
CRRGs and constructed a nomogram. Nomograms have
gained significant popularity in the medical field due
to their exceptional predictive value, serving as simple
and convenient tools for prognosis assessments [58]. A
nomogram represents a logistic regression model that
calculates the probability of clinical events by assign-
ing scores to known variables. Our constructed model
exhibited robust diagnostic efficacy in both the training
and external validation datasets, thereby offering valuable
insights into early clinical PD diagnosis and a compre-
hensive understanding of CR-related mechanisms.

There are some limitations in our study. First, the sam-
ple size is relatively small, which may have impacted the
extrapolation and reliability of this diagnostic model.
Second, we focused solely on exploring DE-CRRGs with-
out considering other PD biomarkers, potentially affect-
ing the accuracy of our model to some extent. In future
studies, it will be necessary to validate our model using
larger datasets. Additionally, further fundamental inves-
tigations are imperative to elucidate the potential mech-
anisms underlying the involvement of these genes in
circadian rhythm disturbance associated with PD.

Conclusion

We observed circadian rhythm disturbance in early-stage
PD patients. Four CR-related hub genes were identi-
fied by bioinformatic methods integrated with machine
learning techniques. Based on these 4 hub genes, we
developed a nomogram for diagnosing PD, which was
preliminarily validated in training and validation sets.
These findings provide novel insights into the clinical
diagnosis of PD and shed light on potential CR-related
mechanisms in PD.
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LED Dopamine equivalent dose

PLM Periodic limb movement

RLS Restless legs syndrome

UPDRS Unified Parkinson's Disease Rating Scale
OSA Obstructive sleep apnea

NLRP3 NOD-like receptor protein 3

RAS Renin-angiotensin system

ACE Angiotensin converting enzyme

PINK1 PTEN induced putative kinase 1

NAD Nicotinamide adenine dinucleotide

ER Endoplasmic reticulum

6-OHDA 6-Hydroxydopamine hydrobromide
PARP1 Poly ADP ribose polymerase 1

Supplementary Information
The online version contains supplementary material available at https://doi.
0rg/10.1186/512967-024-05424-z.

Supplementary Material 1

Supplementary Material 2

Acknowledgements
We thank all contributors to the GEO database and all the participants who
made this research possible.

Authors’ contributions

Design and conception: DH, LW and YH; Statistical analysis and interpretation
of data: YB, XD and LW; Technical Support: BYW, HL, JY and FY. Pictures and
Tables: LW, HD and HL. All authors read and approved the final manuscript.

Funding

The National Natural Science Foundation of China (81771258), Natural
Science Foundation of China (82101484), and Shanghai Sailing Program
(21YF1437600) supported this work.

Data Availability

The datasets are freely available from NCBI GEO database (http://www.
ncbi.nlm.nih.gov/geo); further reasonable inquiries can be directed to the
corresponding author.

Declarations

Ethics approval and consent to participate
Approval of this study has been obtained at the East Hospital's Ethics
Committee.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details

'Department of Neurology, Shanghai East Hospital, School of Medicine,
Tongji University, Shanghai 200092, China

’Department of Oncology, Shanghai East Hospital, School of Medicine,
Tongji University, Shanghai 200092, China

3Department of Neurology, Shanghai Baoshan Luodian Hospital,
Shanghai 201908, China


https://doi.org/10.1186/s12967-024-05424-z
https://doi.org/10.1186/s12967-024-05424-z
http://www.ncbi.nlm.nih.gov/geo
http://www.ncbi.nlm.nih.gov/geo

Wang et al. Journal of Translational Medicine

(2024) 22:635

“Department of Neurology, Changhai Hospital, Naval Medical University,
Shanghai 200433, China

°School Med, Tongji University, East Hospital, No. 150 Jimo Road,
Shanghai 200092, China

Received: 7 December 2023 / Accepted: 19 June 2024
Published online: 08 July 2024

References

1.

2.

Reich SG, Savitt JM. Parkinson’s Disease. Med Clin North Am.
2019;103(2):337-50.

Jankovic J. Parkinson'’s disease: clinical features and diagnosis. J Neurol Neuro-
surg Psychiatry. 2008;79(4):368-76.

Schapira AHV, Chaudhuri KR, Jenner P. Non-motor features of Parkinson
disease. Nat Rev Neurosci. 2017;18(7):435-50.

LiuY, Niu L, Liu X, Cheng C, Le W. Recent progress in non-motor features of
Parkinson’s Disease with a focus on Circadian Rhythm Dysregulation. Neuro-
sci Bull. 2021;37(7):1010-24.

Obayashi K, Saeki K, Yamagami Y, Kurumatani N, Sugie K, Kataoka H. Circadian
activity rhythm in Parkinson’s disease: findings from the PHASE study. Sleep
Med. 2021,85:8-14.

Shen'Y, Lv QK, Xie WY, Gong SY, Zhuang S, Liu JY, Mao CJ, Liu CF. Circadian
disruption and sleep disorders in neurodegeneration. TransI Neurodegener.
2023;12(1)8.

Nassan M, Videnovic A. Circadian rhythms in neurodegenerative disorders.
Nat Rev Neurol. 2022;18(1):7-24.

Logan RW, McClung CA. Rhythms of life: circadian disruption and brain
disorders across the lifespan. Nat Rev Neurosci. 2019;20(1):49-65.
Martinez-Martin P, Visser M, Rodriguez-Blazquez C, Marinus J, Chaud-

huri KR, van Hilten JJ, Group SC-P, Group E. SCOPA-sleep and PDSS: two
scales for assessment of sleep disorder in Parkinson's disease. Mov Disord.
2008,23(12):1681-8.

Hunt J, Coulson EJ, Rajnarayanan R, Oster H, Videnovic A, Rawashdeh O. Sleep
and circadian rhythms in Parkinson’s disease and preclinical models. Mol
Neurodegener. 2022;17(1):2.

Hua P, Liu W, Zhao Y, Ding H, Wang L, Xiao H. Tef polymorphism is associated
with sleep disturbances in patients with Parkinson’s disease. Sleep Med.
2012;13(3):297-300.

Meric M, Yuksel S, Coksevim M, Gulel O. The Effect of Mean platelet Volume/
Platelet count ratio on Dipper and Non-dipper Blood pressure status. Med
(Kaunas) 2019, 55(11).

Arnao V, Cinturino A, Mastrilli S, Butta C, Maida C, Tuttolomondo A, Aridon P,
D'Amelio M. Impaired circadian heart rate variability in Parkinson’s disease: a
time-domain analysis in ambulatory setting. BMC Neurol. 2020;20(1):152.
Bugalho P, Mendonca M, Lampreia T, Miguel R, Barbosa R, Salavisa M. Heart
rate variability in Parkinson disease and idiopathic REM sleep behavior disor-
der. Clin Auton Res. 2018;28(6):557-64.

Norlinah MI, Afidah KN, Noradina AT, Shamsul AS, Hamidon BB, Sahathevan
R, Raymond AA. Sleep disturbances in Malaysian patients with Parkinson’s
disease using polysomnography and PDSS. Parkinsonism Relat Disord.
2009;15(9):670-4.

Chen DL, Cai JH, Wang CCN. Identification of key prognostic genes of Triple
negative breast Cancer by LASSO-Based Machine Learning and Bioinformat-
ics Analysis. Genes (Basel) 2022, 13(5).

Stoltzfus JC. Logistic regression: a brief primer. Acad Emerg Med.
2011,18(10):1099-104.

Hanzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for
microarray and RNA-seq data. BMC Bioinformatics. 2013;14:7.

Kawada JI, Takeuchi S, Imai H, Okumura T, Horiba K, Suzuki T, Torii Y, Yasuda

K, Imanaka-Yoshida K, Ito Y. Immune cell infiltration landscapes in pediatric
acute myocarditis analyzed by CIBERSORT. J Cardiol. 2021;77(2):174-8.
Tolosa E, Garrido A, Scholz SW, Poewe W. Challenges in the diagnosis of
Parkinson’s disease. Lancet Neurol. 2021;20(5):385-97.

Gros P, Videnovic A. Overview of Sleep and Circadian Rhythm disorders in
Parkinson Disease. Clin Geriatr Med. 2020;36(1):119-30.

Kolla BP, Mansukhani MP, Bostwick JM. The influence of antidepressants on
restless legs syndrome and periodic limb movements: a systematic review.
Sleep Med Rev. 2018,;38:131-40.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.
34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Page 19 of 20

Hwang SR, Hwang SW, Chen JC, Hwang JH. Association of periodic limb
movements during sleep and Parkinson disease: a retrospective clinical
study. Med (Baltim). 2019;98(51):e18444.

Covassin N, Neikrug AB, Liu L, Corey-Bloom J, Loredo JS, Palmer BW, Maglione
J, Ancoli-Israel S. Clinical correlates of periodic limb movements in sleep in
Parkinson's disease. J Neurol Sci. 2012;316(1-2):131-6.

Happe S, Trenkwalder C. Movement disorders in sleep: Parkinson’s disease
and restless legs syndrome. Biomed Tech (Berl). 2003;48(3):62-7.

Bahia C, Pereira JS, Lopes AJ. Laryngopharyngeal motor dysfunc-

tion and obstructive sleep apnea in Parkinson’s disease. Sleep Breath.
2019;23(2):543-50.

Khan AU, Akram M, Daniyal M, Zainab R. Awareness and current knowl-

edge of Parkinson's disease: a neurodegenerative disorder. Int J Neurosci.
2019;129(1):55-93.

Sun HL, Sun BL, Chen DW, Chen'Y, Li WW, Xu MY, Shen YY, Xu ZQ, Wang YJ, Bu
XL. Plasma alpha-synuclein levels are increased in patients with obstructive
sleep apnea syndrome. Ann Clin Transl Neurol. 2019,6(4):788-94.

Li G, Liu J, Guo M, GuY, Guan'Y, Shao Q Ma W, Ji X. Chronic hypoxia leads

to cognitive impairment by promoting HIF-2alpha-mediated ceramide
catabolism and alpha-synuclein hyperphosphorylation. Cell Death Discov.
2022;8(1):473.

Solla P Cadeddu C, Cannas A, Deidda M, Mura N, Mercuro G, Marrosu F. Heart
rate variability shows different cardiovascular modulation in Parkinson’s
disease patients with tremor dominant subtype compared to those with aki-
netic rigid dominant subtype. J Neural Transm (Vienna). 2015;122(10):1441-6.
Ishizaka T, Yoshimatsu Y, Ozawa M, Kimotsuki T, Takasaki W, Manabe S,

Yasuda M. Evaluation of drug-induced QT prolongation in a halothane-
anesthetized monkey model: effects of sotalol. J Pharmacol Toxicol Methods.
2009;59(2):86-93.

Chen D, Coffman TM. AT1 angiotensin receptors-vascular and renal epithelial
pathways for blood pressure regulation. Curr Opin Pharmacol. 2015;21:122-6.
allen1992.pdf

Kamath T, Abdulraouf A, Burris SJ, Langlieb J, Gazestani V, Nadaf NM, Balder-
rama K, Vanderburg C, Macosko EZ. Single-cell genomic profiling of human
dopamine neurons identifies a population that selectively degenerates in
Parkinson's disease. Nat Neurosci. 2022;25(5):588-95.

Pedrosa MA, Labandeira CM, Valenzuela R, Quijano A, Sanchez-Andrade M,
Suarez-Quintanilla JA, Lanciego JL, Labandeira-Garcia JL, Rodriguez-Perez

Al. AT1 receptor autoantibodies mediate effects of metabolic syndrome on
dopaminergic vulnerability. Brain Behav Immun. 2023;108:255-68.

Prusty SK, Sahu PK, Subudhi BB. Angiotensin mediated oxidative stress and
neuroprotective potential of antioxidants and AT1 receptor blockers. Mini
Rev Med Chem. 2017;17(6):518-28.

Zawada WM, Mrak RE, Biedermann J, Palmer QD, Gentleman SM, Aboud O,
Griffin WS, Loss of angiotensin Il receptor expression in dopamine neurons

in Parkinson'’s disease correlates with pathological progression and is
accompanied by increases in Nox4- and 8-OH guanosine-related nucleic acid
oxidation and caspase-3 activation. Acta Neuropathol Commun. 2015;3:9.
Lopez-Lopez A, Valenzuela R, Rodriguez-Perez Al, Guerra MJ, Labandeira-
Garcia JL, Munoz A. Interactions between angiotensin Type-1 antagonists,
statins, and ROCK inhibitors in a rat model of L-DOPA-Induced Dyskinesia.
Antioxid (Basel) 2023, 12(7).

Rey P, Lopez-Real A, Sanchez-Iglesias S, Munoz A, Soto-Otero R, Labandeira-
Garcia JL. Angiotensin type-1-receptor antagonists reduce 6-hydroxydopa-
mine toxicity for dopaminergic neurons. Neurobiol Aging. 2007;28(4):555-67.
Quijano A, Diaz-Ruiz C, Lopez-Lopez A, Villar-Cheda B, Munoz A, Rodriguez-
Perez Al, Labandeira-Garcia JL. Angiotensin Type-1 receptor inhibition
reduces NLRP3 Inflammasome Upregulation Induced by Aging and
Neurodegeneration in the Substantia Nigra of male rodents and primary
mesencephalic cultures. Antioxid (Basel) 2022, 11(2).

Udovin L, Otero-Losada M, Bordet S, Chevalier G, Quarracino C, Capani

F, Perez-Lloret S. Effects of angiotensin type 1 receptor antagonists on
Parkinson’s disease progression: an exploratory study in the PPMI database.
Parkinsonism Relat Disord. 2021;86:34-7.

Kou N, Shimoda T, Imanishi R, Kanazawa H, Ito H. Angiotensin receptor block-
ers and Parkinson Disease. Am J Med. 2023;136(5):e107.

Yang J, GaoY, Duan Q, QiuY, Feng S, Zhan C, Huang Y, Zhang Y, Ma G, Nie K, et
al. Renin-angiotensin system blockers affect cognitive decline in Parkinson's
disease: the PPMI dataset. Parkinsonism Relat Disord. 2022;105:90-5.

Sueta D, Kataoka K, Koibuchi N, Toyama K, Uekawa K, Katayama T, Mingjie
M, Nakagawa T, Waki H, Maeda M, et al. Novel mechanism for disrupted



Wang et al. Journal of Translational Medicine

45.

46.

47.

48.

49.

50.

51

52.

(2024) 22:635

circadian blood pressure rhythm in a rat model of metabolic syndrome-the
critical role of angiotensin II. J Am Heart Assoc. 2013;2(3):e000035.
Borszekova Pulzova L, Ward TA, Chovanec M. XPA: DNA repair protein of
significant clinical importance. Int J Mol Sci 2020, 21(6).

Fang EF, Scheibye-Knudsen M, Brace LE, Kassahun H, SenGupta T, Nilsen H,
Mitchell JR, Croteau DL, Bohr VA. Defective mitophagy in XPA via PARP-1
hyperactivation and NAD(+)/SIRT1 reduction. Cell. 2014;157(4):882-96.
Scheibye-Knudsen M, Fang EF, Croteau DL, Bohr VA. Contribution of defective
mitophagy to the neurodegeneration in DNA repair-deficient disorders.
Autophagy. 2014;10(8):1468-9.

Kang TH, Lindsey-Boltz LA, Reardon JT, Sancar A. Circadian control of XPA
and excision repair of cisplatin-DNA damage by cryptochrome and HERC2
ubiquitin ligase. Proc Natl Acad Sci U S A. 2010;107(11):4890-5.

Kuang XL, Liu F, Chen H, LiY, Liu Y, Xiao J, Shan G, Li M, Snider BJ, Qu J, et al.
Reductions of the components of the calreticulin/calnexin quality-control
system by proteasome inhibitors and their relevance in a rodent model of
Parkinson’s disease. J Neurosci Res. 2014;92(10):1319-29.

Uddin MS, Yu WS, Lim LW. Exploring ER stress response in cellular aging and
neuroinflammation in Alzheimer’s disease. Ageing Res Rev. 2021;70:101417.
Ghemrawi R, Khair M. Endoplasmic reticulum stress and unfolded protein
response in neurodegenerative diseases. Int J Mol Sci 2020, 21(17).

Dukes AA, Van Laar VS, Cascio M, Hastings TG. Changes in endoplasmic
reticulum stress proteins and aldolase A in cells exposed to dopamine. J
Neurochem. 2008;106(1):333-46.

53.

54.

55.

56.

57.

58.

Page 20 of 20

Lee YM, Park SH, Chung KC, Oh YJ. Proteomic analysis reveals upregulation

of calreticulin in murine dopaminergic neuronal cells after treatment with
6-hydroxydopamine. Neurosci Lett. 2003;352(1):17-20.

Hurley MJ, Brandon B, Gentleman SM, Dexter DT. Parkinson's disease is associ-
ated with altered expression of CaV1 channels and calcium-binding proteins.
Brain. 2013;136(Pt 7):2077-97.

Pandi-Perumal SR, Trakht I, Srinivasan V, Spence DW, Maestroni GJ, Zisapel N,
Cardinali DP. Physiological effects of melatonin: role of melatonin receptors
and signal transduction pathways. Prog Neurobiol. 2008;85(3):335-53.

Li Z Liao Y, Tang C, Xu L, Peng B, Xu X. RBM14 promotes DNA end resection
during homologous recombination repair. Acta Biochim Biophys Sin (Shang-
hai) 2023.

Wang ZX, Li YL, Pu JL, Zhang BR. DNA Damage-Mediated Neurotoxicity in
Parkinson's Disease. Int J Mol Sci 2023, 24(7).

Park SY. Nomogram: an analogue tool to deliver digital knowledge. J Thorac
Cardiovasc Surg. 2018;155(4):1793.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.



	﻿A diagnostic model for Parkinson’s disease based on circadian rhythm-related genes
	﻿Abstract
	﻿Introduction
	﻿Materials and methods
	﻿Participants
	﻿Clinical data collection and evaluation
	﻿Identification and analysis of DE-CRRGs
	﻿Identification of hub genes from DE-CRRGs
	﻿Construction and validation of the model
	﻿Single-gene gene set variation analysis (GSVA) enrichment
	﻿Prediction of hub gene-related interactive genes, ceRNA networks and targeted drugs
	﻿Immunoinfiltration analysis
	﻿Real-time quantitative PCR (RT-qPCR)
	﻿Western blotting
	﻿Data analysis

	﻿Results
	﻿Circadian rhythm disturbance occurs in patients with early-stage PD
	﻿Identification and analysis of PD-related DE-CRRGs
	﻿Construction and validation of a diagnostic model
	﻿Hub genes associated with PD-related pathways
	﻿Relationships between hub genes and immune cells
	﻿Prediction of hub gene-related interacting genes, ceRNA networks and targeted drugs
	﻿Verification of hub gene expression and association with sleep disorders in PD patients

	﻿Discussion
	﻿Conclusion
	﻿References


