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Association between kidney function 2
and Parkinson’s disease risk: a prospective
study from the UK Biobank
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Abstract

Background Parkinson’s disease (PD) is a neurodegenerative influenced by various clinical factors. The potential
relationship between renal function and the risk of PD remains poorly understood. This study aims to explore the
association between kidney function and the risk of developing PD.

Methods A population-based cohort study was conducted using data from 400,571 UK Biobank participants. Renal
function was assessed using the estimated glomerular filtration rate (eGFR), calculated from serum creatinine and
cystatin C levels. The association between eGFR levels and PD risk was evaluated using univariate and multivariate Cox
regression analyses, Restricted Cubic Spline (RCS) analysis, and Kaplan-Meier analysis. Additionally, a clinical prediction
model was developed and its diagnostic accuracy was evaluated using ROC analysis. A heatmap was also constructed
to examine the relationship between clinical factors and gray matter volume in various brain regions.

Results Over a median observation period of 13.8 years, 2740 PD events were recorded. Cox regression and Kaplan-
Meier analyses revealed a significant association between decreased eGFR and increased PD risk, particularly in
participants with eGFR < 30 ml/min/1.73 mZ This association was confirmed across three adjusted models. RCS
analysis demonstrated a nonlinear relationship between decreasing eGFR and increasing PD risk. Furthermore,
changes in eGFR were correlated with alterations in subcortical gray matter volume in regions such as the frontal
cortex, striatum, and cerebellum. The clinical prediction model showed high diagnostic accuracy with AUC values of
0.776,0.780, and 0.824 for 4-, 8-, and 16-year predictions, respectively.

Conclusion Renal insufficiency is significantly associated with an increased risk of PD, highlighting the importance of
maintaining good kidney function as a potential preventive measure against PD.
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Introduction

Parkinson’s disease (PD) is the second most common
neurodegenerative disease after Alzheimer’s disease, with
its incidence increasing with age, affecting 1-2% individu-
als aged 60 years and above [1]. The progressive nature
and incurability of PD present significant challenges for
patients, families, and society [2]. PD is characterized
by the degeneration of dopaminergic neurons in the
substantia nigra and striatum, leading to hallmark clini-
cal manifestations such as bradykinesia, resting tremor,
rigidity, and postural instability [3, 4]. Despite extensive
research, the precise etiology of PD remains elusive, with
the disease believed to result from a complex interplay of
genetic, environmental, and lifestyle factor [5]. Therefore,
active PD screening and a more comprehensive under-
standing of its etiology, disease-related risks, and protec-
tive factors are of great significance for the diagnosis and
prevention of PD.

Recent studies have highlighted the potential role of
chronic diseases, including renal dysfunction, in the
development of PD [6]. A study based on the National
Health Interview Survey (NHIS) database indicated that
chronic kidney disease (CKD) might be an independent
risk factor for PD in individuals aged 65 and older [7].
Clinical observations have noted that patients with ure-
mia exhibit motor symptoms similar to those seen in
PD, such as bradykinesia, resting tremor, rigidity, and
postural instability [8]. Additionally, research by Deck-
ers et al. [9]. has shown that PD patients with renal insuf-
ficiency experience more severe cognitive impairment,
psychological disorders, orthostatic hypotension, fatigue,
and hallucinations, suggesting that renal damage may
exacerbate the non-motor symptoms of PD.

Despite these findings, the relationship between renal
dysfunction and PD remains inadequately explored, par-
ticularly in longitudinal studies. Most existing studies
are cross-sectional, limiting the ability to infer causality.
There is a critical need for prospective studies to better
understand this potential relationship and its implica-
tions for PD prevention and management.

In this study, we utilized data from a large-scale, pro-
spective cohort of 400,571 participants from the UK Bio-
bank (UKB) to investigate the longitudinal association
between chronic renal insufficiency and the risk of PD. To
assess renal function, we used estimated glomerular fil-
tration rate (eGFR) values derived from serum creatinine
and cystatin C levels. By employing advanced statistical
methods, including Cox regression analyses, Restricted
Cubic Spline (RCS) analysis, and Kaplan-Meier analy-
sis, we aimed to provide robust clinical evidence on the
potential link between renal function and PD risk. Fur-
thermore, we explored the association between renal
function and brain gray matter volumes to gain insights
into the neurological impact of renal insufficiency. This
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study seeks to emphasize the importance of renal health
management in reducing the risk of PD and to offer new
directions for future clinical intervention strategies.

Materials and methods

Study population

Participants were sourced from the UK Biobank (https://
www.ukbiobank.ac.uk), a prospective cohort study that
included approximately 501,314 participants aged 39-72
years, whose baseline data was collected between 2006
and 2010 [10]. Participants provided detailed personal,
lifestyle, sociodemographic, and health information,
underwent comprehensive physical evaluations, and
provided blood, urine, and saliva samples for analysis.
Ethical approval was obtained from the Northwest Multi-
Center Research Ethics Committee, and all participants
provided written informed consent. This study was con-
ducted under UK Biobank application number 104,811.

Participant selection

Initially, 501,434 participants were considered for
this study. Individuals with incomplete baseline data
were first excluded (#=99,151), as well as those with a
recorded history of renal replacement interventions,
including kidney transplantation, hemodialysis, or peri-
toneal dialysis (#=415), and cases of participants who
lost during the study period (#=1,297). And ensure that
there are no PD patients at baseline. Finally, a total of
400,571 participants were included in the final analysis.

Kidney function exposures

The eGFR was computed utilizing the Chronic Kidney
Disease Epidemiology Collaboration (CKD-EPI) equa-
tion, incorporating serum creatinine (Scr) and serum
cystatin C (Scys). The CKD-EPI creatinine-cystatin C
equation, expressed as a single equation [11], is:

135 x min (Ser/k, 1)a x mazx (Ser/k, 1) —0.601
x min(Scys/0.8, 1) — 0.375 x maz(Scys/0.8, 1) —0.711
x 0.995Age [x 0.969if female] [x 1.08if black]

(Where Scr is serum creatinine, Scys is serum cystatin C,
K is 0.7 for women and 0.9 for men, a is -0.248 for women
and —0.207 for men, min indicates the minimum of Scr/x
or 1, and max means the maximum of Scr/x or 1).

The calculation yielded eGFR values, which were then
categorized into five distinct groups: =105 (reference
group), 90-104, 6089, 30-59, and <30 ml/min/1.73 m?
in this study [12, 13]. This stratification enabled a com-
prehensive assessment of renal function across varying
degrees of impairment, facilitating the exploration of its
association with PD risk.


https://www.ukbiobank.ac.uk
https://www.ukbiobank.ac.uk

Peng et al. BMC Public Health (2024) 24:2225

Covariates

The study incorporated a comprehensive array of covari-
ates, including age, gender, educational attainment, eth-
nic background, body mass index (BMI), polygenic risk
score (PRS), smoking status, alcohol intake, Townsend
deprivation index (TDI), hypertension, and diabetes.

Age was computed by juxtaposing the birth date with
the date of the baseline assessment. Gender (Male/
Female) is chosen by the subjects. Ethnic categoriza-
tions were streamlined into “White” and “Non-White”
with the latter encompassing groups such as Asian or
Asian British, Black or Black British, Chinese, Mixed
Race, and other specified ethnicities. Educational quali-
fications were classified as “College” and “Non-College”.
BMI, expressed in kg/m?, was calculated as the quotient
of weight (in kilograms) and square of height (in meters).
The Townsend Deprivation Index serves as a reflection
indicator of socioeconomic standing [14]. PRS represents
an individual’s susceptibility to disease (here: PD), which
has been calculated previously in UKB from genome-
wide genotyping data and categorized into “High Risk’,
“Medium Risk” and “Low Risk” [15]. Smoking practices
were divided into never-smokers, previous smokers, and
current smokers. Alcohol intake was derived from touch-
screen on digital interfaces that solicited information
on the volume of each alcohol variety consumed weekly
and automatically converts scores in the system. Further
covariate considerations included incidence metrics such
as hypertension and diabetes, which were captured via
standardized touchscreen questionnaires and rendered
as binary choices (yes or no). The urinary creatinine and
urinary phosphate levels as covariates for evaluation in
laboratory indicators.

Model adjustment

A multifactorial Cox regression model was used to deter-
mine the relationship between eGFR and PD, with three
adjustment models. Model 1 adjusted for age, gender,
ethnicity, and education. Subsequently, Model 2 fur-
ther adjusted for BMI, PRS, smoking status, and alcohol
intake. Finally, all variables were included in Model 3,
including age, gender, ethnicity, educational attainment,
BMI, PRS, smoking status, alcohol intake, hypertension
and diabetes.

Neuroimaging

Cranial imaging data were obtained using a standard
Siemens 3T MRI scanner. The scanned image has under-
gone preliminary processing and analysis, detailed infor-
mation about the MRI processing can be found in the
UK Biobank Protocol (https://biobank.ndph.ox.ac.uk/
showcase/field.cgi). Gray matter volumes (T1-weighted
MRI) from 24 brain regions were analyzed separately for
the left and right hemispheres. Linear regression analysis
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was performed to assess the association between eGFR
values and brain volume changes, with a correlation heat-
map generated using the “ComplexHeatmap” package in
R software.

Statistical analysis

Missing data rows were eliminated using R software (ver-
sion 4.3.0). Continuous variables in the baseline char-
acteristics are presented as meanzstandard deviation,
and categorical variables were expressed as percentages.
Comparisons across eGFR categories were performed
using one-way ANOVA (perform Bonferroni correction)
for continuous variables and the chi-square test for cat-
egorical variables.

Cox regression analyses were used to explore the asso-
ciation between various predictors and the PD incidence,
with results presented as hazard ratios (HR) and 95%
confidence intervals (95% CI). The Kaplan-Meier method
depicted cumulative PD incidence, with log-rank tests
assessing differences across eGFR categories. Restricted
Cubic Spline (RCS) models analyzed the nonlinear rela-
tionship between eGFR and PD risk using the “rms”
package in R. A nomogram model was created to predict
survival rates (the 5-, 10-, and 15-year) using “nomogra-
mEx” package in R, with ROC analysis evaluating model
accuracy using “pROC” package in R. And area Under
Curve (AUC) is used to measure the performance of the
ROC model. All statistical analyses were performed using
R (version 4.3.0), and P<.05 was considered statistically
significant.

Results

Sample characteristics

Among the 501,434 participants between 2006 and 2010,
99,151 with missing data, 415 with a history of renal
intervention treatment, and 1,297 with losing follow-up
data were excluded, resulting in a final sample of 400,571
participants. Figure 1 shows the selection of participants
and the analysis process of this study. Table 1 presents
the baseline characteristics of 400,571 patients stratified
by eGFRcr-cys levels. In this large cohort study within
the age range of 39 to 72 years old, over a median obser-
vation period of 13.8 years, 2,740 incidents of PD were
documented. Participants with lower eGFR (30-59 and
<30 ml/min/1.73 m?) were generally older, predomi-
nantly female, had lower educational attainment, higher
BM]I, and a higher prevalence of PD, diabetes, and hyper-
tension. Adjustment in the p-value was done for multiple
comparisons (Supplementary Table 1). Furthermore, sig-
nificant variations were observed in ethnicity, smoking
status, alcohol intake, TDI, hypertension, diabetes, urine
creatinine, Scys, Scr, phosphate levels, and observation
time across different eGFR categories.


https://biobank.ndph.ox.ac.uk/showcase/field.cgi
https://biobank.ndph.ox.ac.uk/showcase/field.cgi

Peng et al. BMC Public Health (2024) 24:2225

Page 4 of 12

The UK Biobank participants with available data
(n= 501,434)

Analytical population
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Fig. 1 Flowchart. Flowchart depicting the study design and participant sel

Cox proportional hazard model analysis

Univariate cox analysis (non-adjusted analyses) identified
hypertension (HR=1.34, 95% CI: 1.32-1.37, P<.0001)
and diabetes (HR=1.40, 95% CI: 1.36—-1.44, P<.0001)
as independent risk factors for PD (Fig. 2). Stratified
analysis indicated that female gender (HR=2.03, 95%
CI: 1.88-2.19, P<.0001), non-white ethnicity (HR=1.48,
95% CI: 1.20-1.82, P<.0001), lower education (HR=1.24,
95% CI: 1.14-1.35, P<.0001), higher BMI and previous
smoking status were positively associated with PD risk.

ection process

Additionally, lower eGFR showed a significant associa-
tion with PD risk (Fig. 2).

Table 2 presents the results of Cox proportional-
hazards models investigating the association between
eGFRcr-cys and PD. In the crude model, eGFR catego-
ries were associated with varying HRs for PD incidence.
Compared to the reference group (eGFR>105), the HRs
(95% CI) for PD in the eGFR 90-104, 60—89, 30-59, and
<30 categories were 0.92 (0.64-1.92), 1.46 (0.72-1.79),
1.49 (1.12-2.01), and 1.59 (1.12-2.07), respectively. After
adjusting for covariates in three models, the associations
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Table 1 Baseline characteristics of 400,571 participants by eGFRcr-cys status
Baseline characteristics of 400,571 patients by eGFRcr-cys categories
eGFRcr-cys category (mL/min per 1.73 m?)
Variables Levels <30(N=253)  30-59 60-89 90-104 >105 Ovalall P_Value
(N=6,458) (N=168451) (N=169,278) (N=56,131) (N=400,571)
Age (year) Mean+SD 609+7.1 633+54 606+64 549+75 484+6.3 574+74 <0.001
Gender Female 167 (66%) 4,978 (77.1%) 95,282 (56.6%) 83,396 (49.3%) 31,547 (56.2%) <0.001
Male 86 (34%) 1,480 (22.9%) 73,169 (43.4%) 85,882 (50.7%) 24,584 (43.8%)
Education College 42 (16.6%) 1,114 (17.2%) 46,447 (27.6%) 60,678 (35.8%) 23,089 (41.1%) <0.001
Non-College 211 (83.4%) 5,344 (82.8%) 122,004 (72.4%) 108,600 (64.2%) 33,042 (58. 9%)
BMI (kg/m?) <185 8(3.2%) 27 (0.4%) 560 (0.3%) 905 (0.5%) 538 (1%) <0.001
18.5-24.9 55 (21.7%) 1,027 (15.9%) 40,730 (24.2%) 59453 (35.1%) 25,225 (44.9%)
25-299 84 (33.2%) 2,259 (35%) 74,803 (44.4%) 73,777 (43.6%) 21,802 (38.8%)
>30 106 (41.9%) 3,145 (48.7%) 52,358 (31.1%) 35,143 (20.8%) 8,566 (15.3%)
Ethnicity Non-white 25(9.9%) 315 (4.9%) 6,981 (4.1%) 8,282 (4.9%) 4,359 (7.8%) <0.001
White 228 (90.1%) 6,143 (95.1%) 161,470 (95.9%) 160/996 (95.1%) 51,772 (92.2%)
Smoking.status  Current 24 (9.5%) 728 (11.3%) 18,201 (10.8%) ,182(10.2%) 5,851 (10.4%) <0.001
Never 123 (48.6%) 3,166 (49%) 87486 (51.9%) 94913 (56.1%) 33,347 (59.4%)
Previous 106 (41.9%) 2,564 (39.7%) 62,764 (37.3%) 83(33.8%) 16,933 (30.2%)
Alcoholintake 0 110 (43.5%) 2,582 (40%) 37,766 (22.4%) 26 723 (158%) 9,058 (16.1%) <0.001
1 34 (13.4%) 838 (13%) 19,648 (11.7%) 17,781 (10.5%) 6,197 (11%)
2 60 (23.7%) 1,446 (22.4%) 42,732 (254%) 44,247 (26.1%) 15,215 (27.1%)
3 29 (11.5%) 833 (12.9%) 35443 (21%) 42,868 (253%) 14,428 (25.7%)
4 20 (7.9%) 759 (11.8%) 32,862 (19.5%) 37,659 (22.2%) 11,233 (20%)
Townsend. Mean+SD -04+32 -0.7£33 -14£3.1 -14£3.0 -1.1£31 -14£29 <0.001
deprivation.
index
PRS High Risk 49 (19.4%) 1,589 (24.6%) 41,857 (24.8%) 42428 (25.1%) 14,126 (25.2%) 0.078
Low Risk 68 (26.9%) 1,667 (25.8%) 42,502 (25.2%) 7(24.9%) 13,935 (24.8%)
Medium Risk 136 (53.8%) 3,202 (49.6%) 84,092 (49.9%) 84 723 (50%) 28,070 (50%)
Hypertension  un_Hyperten- 234 (92.5%) 4,567 (70.7%) 68,560 (40.7%) 43,331 (25.6%) 9,035 (16.1%) <0.001
sion
Hypertension 19 (7.5%) 1,891 (29.3%) 99,891 (59.3%) 125,947 (744%) 47,096 (83.9%)
Diabetes un_Diabetes 92 (36.4%) 1,646 (25.5%) 18,579 (11%) 11,688 (6.9%) 3,229 (5.8%) <0.001
Diabetes 161 (63.6%) 4,812 (74.5%) 149,872 (89%) 157,590 (93.1%) 52,902 (94.2%)
urine.creatinine  Mean+SD 7,7775+5304.1 9,7788+6,6264 93144+59714 8762.3+57443 7,946.7+5387.1 9,072.7+5643.2 <0.001
(umol/L)
Scys (umol/L)  Mean+SD 30+10 14+03 1.0£0.1 0.8+0.1 0.7+0.1 09+03 <0.001
Scr (umol/L) Mean+SD 33+21 12+04 09+0.2 08+0.1 0.7£0.1 <0.001
Phosphate Mean+SD 13+03 12+0.2 12+0.2 12+0.2 1.1+£0.2 12+0.2 <0.001
(umol/L)
time (year) Mean+SD 10.5+£4.5 12.7+£35 13.7+£25 140+£1.9 142+1.7 13.8+2.1 <0.001
PD un_Parkinson's 250 (98.8%) 6,383 (98.8%) 166,894 (99.1%) 168,300 (99.4%) 56,004 (99.8%) <0.001
Parkinson'’s 3(1.2%) 75 (1.2%) 1,557 (0.9%) 978 (0.6%) 127 (0.2%)

remained significant only for the <30 ml/min/1.73 m®
group (Model 1, HR=1.79, 95% CIL: 1.56-5.65, P=.031;
Model 2, HR=1.66, 95% CI: 1.52-5.24, P=.038; Model 3,
HR=1.90, 95% CI: 1.43-5.39, P=.031), indicating a posi-
tive association between decreased eGFR and PD risk.

Independent association between kidney function and PD
Using the Kaplan-Meier method, the cumulative disease
probability of PD between the five eGFR groups was
plotted, and differences were tested using the log-rank
test (Fig. 3, P<.001). Throughout the 16-year follow-up

period, the eGFR<30 ml/min/1.73m?> group exhibited
the highest cumulative disease risk of PD. Furthermore,
the result of RCS analysis demonstrated the nonlinear
relationship between PD risk and eGFR value (Fig. 4). A
smooth spline plot displayed an increase in the risk of
incident PD as eGFR values decreased (Fig. 4A; Overall
P<.0001, Nonlinear P<.0001), with consistent findings
observed in all three adjusted models (Fig. 4B-D).
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Variable Hazard Ratio(95%CI) p_value
Gender
Male reference
Female -@- <0.0001
Ethnicity
White reference
Non-white —@—I 0.000189058
Education
College reference
Non-College i@ <0.0001
BMI
<18.5 reference
18.5-24.9 t ® 1 0.129713433
25-29.9 k ® 1 0.031654969
>30 k ® 1 0.032501606
Alcohol.intake
0 reference
1 & <0.0001
2 o 0.164867544
3 Her 0.245311277
4 IeH 0.507595715
Smoking.status
Never reference
Previous o <0.001
Current —o— <0.001
PRS
High Risk reference
Low Risk L] <<0.0001
Medium Risk L] <0.0001
Townsend.deprivation.index
® 0.267541442
Hypertension
o <0.0001
Diabetes
L} <<0.0001
urine.creatinine
® 0.105115238
Ser
Ll <<0.0001
Scys
-0 <0.0001
eGFR
>105 reference
90-104 @ <0.0001
60-89 —— <0.0001
30-59 l @ 1 <0.0001
<30 —®— 0.000421565
L 2 H 5 6 7 '

Fig. 2 Association between risk factors and PD Risk in Cox proportional hazard model. Graph illustrating the hazard ratios of various risk factors, including

renal function, for Parkinson’s disease in the Cox proportional hazard model

Establishment and validation of a nomogram

A nomogram model was constructed incorporating fac-
tors such as age, gender, ethnicity, education, BMI, PRS,
Townsend deprivation index, smoking status, alcohol
intake, hypertension, diabetes, and eGFR (Supplementary
Fig. 1). The model predicted 4-, 8-, and 16-year survival
rates with high accuracy, as indicated by AUC values of

0.776, 0.780, and 0.824, respectively (All AUC>0.7, Sup-
plementary Fig. 2).

Associations between eGFR and brain volumes

To delve deeper into the connection between renal insuf-
ficiency and PD, we conducted a association analysis
between cortical volumes in brain subregions and PD
risk factors. The results revealed a potential association
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Table 2 Cox regression analysis of renal function biomarkers and PD

eGFR Crude Model Model 1 Model 2 Model 3

mL/min per 1.73m?  HR (95% Cl) P_Value  HR(95% Cl) P_Value  HR (95%Cl) P_Value  HR (95%Cl) P_Value
eGFR_class>105 reference reference reference reference

eGFR_class 90-104 0.92 (0.64-1.92) 0.328 0.99(0.82-1.20)  0.093 0.98 (0.82-1.20) 0.088 0.97 (0.80-1.18) 0.086
eGFR_class 60-89 146(0.72-1.79)  0.261 0.93(0.76-1.13)  0.048 092 (0.71-1.15)  0.034 0.93(0.82-1.31)  0.043
eGFR_class 30-59 149 (1.12-2. 01) 0.032 2.18(1.87-259) 0.027 1.10(0.81-1.48) 0.053 1.06 (1.01-1.60) 0.070
eGFR_class <30 1.59 (1.12-2.07) 0.033 1.79(1.56-5.65) 0.031 1.66 (1.52-5.24) 0.038 1.90(1.43-5.39) 0.031

Model 1, adjusted for age, gender, ethnicity, and educational attainment

Model 2, adjusted for age, gender, ethnicity, educational attainment, BMI, PRS, smoking status, and alcohol intake

Model 3, adjusted for age, gender, ethnicity, educational attainment, BMI, PRS, smoking status, alcohol intake, hypertension and diabetes

Kaplan—-Meier Risk Curve

o
_ =105

Q — 90-104

o —— 60-89

= 30-59
— <30

4 log-rank test P<0.001
i)
L

o
QO O
n o
© 4
o O
L
©
o
=
s
I o
3 O
E o
>
®)

o

o

S —

o [ I I |

Follow up years
Number at risk

>=105 56131 55224 54418 36842
° 90-104 | 169278 161084 149697 111998
® 60-89 | 168451 162061 136459 107419
2 3059 | 6458 6102 5459 4852

<30 | 253 231 199 124

Fig. 3 Kaplan-Meier analysis of cumulative PD risk by eGFR levels. Kaplan Meier curves showing the cumulative incidence of Parkinson’s disease over a

16-year follow-up period stratified by different eGFR levels

between eGFR and changes in gray matter volumes
across multiple subcortical brain regions (Fig. 5). In
the eGFR<30 ml/min/1.73m? group, subcortical brain
volumes, including Angular Gyrus (right hemisphere,
P<.01), Frontal Operculum Cortex (left hemisphere,
P<.01), Superior Frontal Gyrus (left hemisphere, P<.05),
Supramarginal Gyrus anterior division (left hemi-
sphere, P<.05), Temporal Fusiform Cortex posterior
division(right hemisphere, P<.05), VIIla Cerebellum
(left hemisphere, P<.001), Ventral Striatum (left hemi-
sphere, P<.05; right hemisphere, P<.01), and X Cer-
ebellum vermis (right hemisphere, P<.05), may exhibit
a potential positive correlation with eGFR levels. These
findings provide compelling evidence supporting the

association between renal function and PD from an alter-
native perspective, shedding light on the potential role
of renal insufficiency in influencing brain structure and
function, thus contributing to our understanding of PD
pathogenesis.

Discussion

The findings of this prospective cohort study from the UK
Biobank shed light on the intricate association between
renal function and the risk of PD. Our results reveal a sig-
nificant and independent association between decreased
eGFR and elevated PD risk, even after comprehensive
adjustment for various confounding factors. These find-
ings align with prior research indicating a potential link
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PD Overall P<.0001 PD Overall P<.0001
Nonlinear P<.0001 Nonlinear P<.0001

HR (95%Cl)
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Nonlinear P<.0001 Nonlinear P<.0001

2 2

5 g

3 3

3 8

o

T £

1 ol o i i s s e e o e PN o e e e
o 0

S0 100 50 100
eGFR eGFR

Model 2 Model 3
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between renal dysfunction and neurodegenerative dis-
eases, including PD [16-18].

Consistent with previous literature, our study under-
scores the importance of longitudinal assessments in elu-
cidating the relationship between renal insufficiency and
PD [19]. While cross-sectional studies have hinted at this
association [20], their limitations in establishing causal-
ity necessitated a more rigorous investigation, which our
study aimed to address. By leveraging data from a large-
scale, population-based cohort with extensive follow-up,
we provide robust evidence supporting the notion that
renal health plays a crucial role in PD pathogenesis.

Our study contributes to the existing body of literature
by employing advanced statistical techniques, including
Cox regression analyses, RCS analysis, and Kaplan-Meier
analysis, to delineate the complex relationship between
eGFR levels and PD risk. Through these methodologies,
we not only confirmed the linear association between
decreased eGEFR and increased PD risk but also unveiled
a nonlinear pattern, highlighting the nuanced nature of
this relationship. These findings underscore the impor-
tance of considering renal function as a continuum rather
than a dichotomous variable when assessing its impact
on PD risk.
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Furthermore, our study extends beyond traditional epi-
demiological analyses by exploring the potential neuro-
logical mechanisms underlying the association between
renal dysfunction and PD. Previous studies have sug-
gested that CKD can lead to systemic inflammation and
oxidative stress, both of which are known contributors to
neurodegenerative processes [21, 22]. Both the brain and
kidneys are low-resistance terminal organs with similar
hemodynamic mechanisms, making them susceptible
to blood pressure fluctuations [23]. In CKD patients,
increased arteriosclerosis and microvascular damage can
exacerbate cerebral microcirculation damage [24]. This
hypothesis is further supported by CKD animal models,
which show extensive damage to both large blood ves-
sels and micro vessels [25, 26]. Vascular injury, impaired
cerebral hemodynamics, and changes in the extracellu-
lar environment are critical mechanisms in the develop-
ment of neurodegenerative diseases including PD [27].
Moreover, damage to cerebral vascular endothelium and
inflammation can lead to the abnormal accumulation of
toxic substances in the brain [28, 29]. The nephrotoxic
effects associated with CKD can also cause metabolic dis-
orders, leading to disruption of the blood-brain barrier,
neurotransmitter imbalances, and the onset of PD and
cognitive decline [30, 31] (Fig. 6). Through neuroimaging
analysis, we observed association between eGFR levels
and alterations in subcortical gray matter volumes, par-
ticularly in regions such as the frontal cortex, striatum,
and cerebellum, which are implicated in PD pathology.
These findings provide novel insights into the interplay
between renal function and brain structure, suggesting
that renal insufficiency may contribute to PD pathogen-
esis through neurodegenerative processes.

In comparison to existing literature, our study offers
several advancements. While prior studies [32] have
hinted at the association between renal dysfunction and
PD, our study provides robust evidence from a large, pro-
spective cohort with extensive follow-up, enabling more
definitive conclusions regarding causality. Moreover, our
study employs a comprehensive approach by adjusting
for a wide array of demographic, genetic, and socioeco-
nomic factors, thereby minimizing confounding effects
and enhancing the validity of our findings.

Despite these strengths, our study has certain limita-
tions that warrant consideration. Firstly, the reliance on
observational data precludes definitive causal inference,
and residual confounding may influence our results.
Additionally, the generalizability of our findings may be
limited to the UK Biobank cohort and may not extend to
other populations. Previous studies have noted variations
in the prevalence and progression of CKD and PD across
different populations [6, 32, 33], which suggests that rep-
lication of our findings in diverse cohorts is necessary to
confirm their generalizability. Future research should aim
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to replicate our findings in diverse cohorts and explore
potential biological mechanisms underlying the observed
association.

Conclusion

In this large-scale prospective cohort study utilizing UK
Biobank data, we found that reduced eGEFR is signifi-
cantly associated with an increased risk of PD. Our find-
ings suggest that renal dysfunction is an important risk
factor for PD. Neuroimaging analysis revealed the asso-
ciation between lower eGFR levels and brain volume
atrophy in regions implicated in PD, providing further
neuropathological support for this association. These
results underscore the need to consider renal health in
PD risk assessments and highlight the potential of main-
taining kidney function as a preventive measure against
PD. Future research should incorporate chronic renal
insufficiency in studies of PD high-risk populations to
develop effective prevention strategies.

Abbreviations

BMI Body Mass Index
CKD Chronic kidney disease
CKD-EPI Chronic Kidney Disease Epidemiology

eGFR Estimated Glomerular filtration rate

eGFRer Estimated Glomerular filtration rate-creatinine
eGFRcys Estimated Glomerular filtration rate-cystatin C
eGFRcr-cys  Estimated Glomerular filtration rate creatinine-cystatin
HR Hazard ratios

MRI Magnetic resonance imaging

NHIS National Health Interview Survey

PD Parkinson’s disease

PRS Polygenic risk score

ROS Reactive oxygen species

RAS Reticular activating system

RCS Restricted Cubic Spline

Scr Serum creatinine

Scys Serum cystatin C

SD Standard deviation

SOD Superoxide dismutase

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/512889-024-19709-x.

Supplementary Material 1
Supplementary Material 2
Supplementary Material 3

Supplementary Material 4

Acknowledgements

The authors are extremely grateful to all the participants of the UK Biobank
and acknowledge the contributions of the UK Biobank team in collecting,
curating, and managing the data that made this research possible.

Author contributions

X.Li and H.Peng, conceived the article; H.Peng, prepared the manuscript;
LWu and Q.Chen, Processed relevant data; S.Chen, SWu and X.Shi, searched
for relevant studies; J.Ma, H.Yang and X Li, revised the manuscript. All authors
reviewed the manuscript.


https://doi.org/10.1186/s12889-024-19709-x
https://doi.org/10.1186/s12889-024-19709-x

Peng et al. BMC Public Health (2024) 24:2225

Funding

This work was supported by the Henan Province Traditional Chinese Medicine
Science Research Special Project [Grant Number, 20247Y2133], the provincial
key project of Henan Medical Science and technology research program
[Grant Number, SBGJ202102035], and the Project of Action for Postgraduate
Training Innovation and Quality Improvement of Henan University [Grant
Number, SYLYC2023155].

Data availability
The datasets used and/or analyzed during the current study are available from
the corresponding author on reasonable request.

Declarations

Ethics approval and consent to participate

The current analysis is based on publicly available summary data (UK biobank,
https://www.ukbiobank.ac.uk). The original data from the UK biobank have
been approved by ethic committees and written informed consent was
obtained from study participants or caregivers.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 15 February 2024 / Accepted: 7 August 2024
Published online: 15 August 2024

References

1. Tolosa E, Garrido A, Scholz S, Poewe W. Challenges in the diagnosis of
Parkinson’s disease. Lancet Neurol. 2021. https://doi.org/10.1016/51474-
4422(21)00030-2. 20.385-97.

2. Melissa JA, Michael SO. Diagnosis and treatment of Parkinson Disease: a
review. JAMA. 2020;323. https://doi.org/10.1001/jama.2019.22360.

3. CostaH, Esteves A, Empadinhas N, Cardoso S. Parkinson’s Disease: A Multi-
system Disorder. Neurosci Bull. 2023;39(113-24). https://doi.org/10.1007/
$12264-022-00934-6.

4. Belvisi D, Pellicciari R, Fabbrini G, Tinazzi M, Berardelli A, Defazio G. Modifiable
risk and protective factors in disease development, progression and clinical
subtypes of Parkinson’s disease: what do prospective studies suggest? Neuro-
biol Dis. 2020;134:104671. https://doi.org/10.1016/j.nbd.2019.104671.

5. DingW, Ding L, Li F, Han Y, Mu L. Neurodegeneration and cognition in Parkin-
son's disease: a review. Eur Rev Med Pharmacol Sci. 2015;19:2275-81.

6.  Castillo-Torres S, Sénchez-Cérdenas M, Soto-Rincon C, Chévez-Luévanos B,
Estrada-Bellmann I. Kidney dysfunction and risk of Parkinson's disease: The
issue of equations and large numbers. Mov Disorders: Official J Mov Disorder
Soc. 2020;35519. https://doi.org/10.1002/mds.27966.

7. Nam G, Kim N, Han K, Choi K, Chung H, Kim J, et al. Chronic renal dysfunc-
tion, proteinuria, and risk of Parkinson's disease in the elderly. Mov Disorders:
Official J Mov Disorder Soc. 2019;34. https://doi.org/10.1002/mds.27704.

8. YoonJ,Kim J, Park J, Lee K, Roh H, Park S, et al. Uremic parkinsonism with
atypical phenotypes and radiologic features. Metab Brain Dis. 2016. https://
doi.org/10.1007/511011-015-9774-x. 31.481-4.

9. Deckers K, Camerino |, van Boxtel M, Verhey F, Irving K, Brayne C, et al.
Dementia risk in renal dysfunction: a systematic review and meta-analysis
of prospective studies. Neurology. 2017;88. https://doi.org/10.1212/
wnl.0000000000003482.

10.  Rishi C, Thomas L, Ben L, Jelena B, Megan C, Rory C, et al. United Kingdom
Biobank (UK Biobank): JACC Focus Seminar 6/8. J Am Coll Cardiol. 2021,78.
https://doi.org/10.1016/jjacc.2021.03.342.

11, Inker L, Schmid C, Tighiouart H, Eckfeldt J, Feldman H, Greene T, et al. Estimat-
ing glomerular filtration rate from serum creatinine and cystatin C. N Engl J
Med. 2012;367(20-9). https://doi.org/10.1056/NEJMoal114248.

12. Cynthia D, Mukta B, Deidra CC, Nwamaka DE, Crystal AG, Lesley Al, et al. A
Unifying Approach for GFR Estimation: recommendations of the NKF-ASN

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32

Page 11 of 12

Task Force on reassessing the inclusion of race in diagnosing kidney disease.
Am J Kidney Dis. 2021;79. https://doi.org/10.1053/j.ajkd.2021.08.003.

Tsuboi N, Sasaki T, Okabayashi Y, Haruhara K, Kanzaki G, Yokoo T. Assessment
of nephron number and single-nephron glomerular filtration rate in a clinical
setting. Hypertens Research: Official J Japanese Soc Hypertens. 2021. https://
doi.org/10.1038/541440-020-00612-y. 44.605-17.

Yu-Fang P, Lei Z. Is the Townsend Deprivation Index a Reliable Predictor of
Psychiatric disorders? Biol Psychiatry. (2021). 89. https://doi.org/10.1016/j.
biopsych.2021.02.006

Gustavo dLC, Alexander G, Scott F, Paulino P-R, Anirban S. Fine mapping

and accurate prediction of complex traits using bayesian variable selection
models applied to biobank-size data. Eur J Hum Genet. 2022;31. https://doi.
0rg/10.1038/541431-022-01135-5.

Xue L, Ya-Nan O, Ya-Hui M, Liang-Yu H, Wei Z, Lan T. Renal function and neuro-
degenerative diseases: a two-sample mendelian randomization study. Neurol
Res. 2023;45. https://doi.org/10.1080/01616412.2022.2158640.

Suvorit SB, Anthony EL. Movement disorders and Renal diseases. Mov Disord
Clin Pract. 2020;7. https://doi.org/10.1002/mdc3.13005.

Monica C-P. Acute kidney injury and aging. Pediatr Nephrol. (2021). 36.
https://doi.org/10.1007/500467-020-04849-0

Meléndez-Flores J, Estrada-Bellmann I. Linking chronic kidney disease and
Parkinson’s disease: a literature review. Metab Brain Dis. 2021. https://doi.
0rg/10.1007/511011-020-00623-1. 36.1-12.

I-Kuan W, Cheng-Li L, Yi-Ying W, Che-Yi C, Shih-Yi L, Jiung-Hsiun L, et al.
Increased risk of Parkinson's disease in patients with end-stage renal disease:
a retrospective cohort study. Neuroepidemiology. 2014;42. https://doi.
0rg/10.1159/000358921.

Qian Y, Ben T, Chun Z. Signaling pathways of chronic kidney diseases,
implications for therapeutics. Signal Transduct Target Ther. 2022;7. https://doi.
0rg/10.1038/541392-022-01036-5.

Anjali S, Bhawna T, Divyansh S, Srikanta Kumar R. Mitochondrial dysfunction
and oxidative stress: role in chronic kidney disease. Life Sci. 2023;319. https://
doi.org/10.1016/}.1fs.2023.121432.

Xie Z,Tong S, Chu X, Feng T, Geng M. Chronic kidney disease and cogni-

tive impairment: the kidney-brain Axis. Kidney Dis (Basel Switzerland).
2022;8(275-85). https://doi.org/10.1159/000524475.

Mark F. Mechanisms of cerebral microvascular disease in chronic kidney
disease. J Stroke Cerebrovasc Dis. 2020;30. https://doi.org/10.1016/j.
jstrokecerebrovasdis.2020.105404.

Lau W, Nunes A, Vasilevko V, Floriolli D, Lertpanit L, Savoj J, et al. Chronic kid-
ney Disease increases cerebral microbleeds in Mouse and Man. Translational
Stroke Res. 2020;11(122-34). https://doi.org/10.1007/512975-019-00698-8.
Yang X, Chen A, Liang Q, Dong Q, Fu M, Liu X, et al. Up-regulation of heme
oxygenase-1 by celastrol alleviates oxidative stress and vascular calcifica-
tion in chronic kidney disease. Free Radic Biol Med. 2021. https://doi.
0rg/10.1016/jfreeradbiomed.2021.06.020. 172.530-40.

Sergio AC-T, Ingrid E-B, Fernando G-R. Cerebral Vasomotor Reactivity in
Parkinson’s Disease: A Missing Link Between Dysautonomia, White Matter
Lesions, and Cognitive Decline? Mov Disord Clin Pract. (2020). 7. https://doi.
0rg/10.1002/mdc3.13074

CaoY, Li B, Ismail N, Smith K, Li T, Dai R, et al. Neurotoxicity and underlying
mechanisms of endogenous neurotoxins. Int J Mol Sci. 2021;22. https://doi.
0rg/10.3390/ijms222312805.

Yan M, Jin H, Pan C, Hang H, Li D, Han X. Movement Disorder and Neurotoxic-
ity Induced by Chronic exposure to Microcystin-LR in mice. Molecular neuro-
biology. (2022). 59.5516-31. https://doi.org/10.1007/512035-022-02919-y

de Donato A, BuonincontriV, Borriello G, Martinelli G, Mone P. The dopa-
mine system: insights between kidney and brain. Kidney Blood Press Res.
2022;47(493-505). https://doi.org/10.1159/000522132.

Jabbari B, Vaziri N. The nature, consequences, and management of neuro-
logical disorders in chronic kidney disease. Hemodial Int Int Symp Home
Hemodial. 2018;22(150-60). https://doi.org/10.1111/hdi.12587.

Kwon M, Kim J, Kim J, Kim J, Kim M, Kim N, et al. Exploring the Link between
Chronic Kidney Disease and Parkinson's Disease: Insights from a Longitudinal
Study Using a National Health Screening Cohort. Nutrients. 2023;15. https://
doi.org/10.3390/nu15143205.


https://www.ukbiobank.ac.uk
https://doi.org/10.1016/s1474-4422(21)00030-2
https://doi.org/10.1016/s1474-4422(21)00030-2
https://doi.org/10.1001/jama.2019.22360
https://doi.org/10.1007/s12264-022-00934-6
https://doi.org/10.1007/s12264-022-00934-6
https://doi.org/10.1016/j.nbd.2019.104671
https://doi.org/10.1002/mds.27966
https://doi.org/10.1002/mds.27704
https://doi.org/10.1007/s11011-015-9774-x
https://doi.org/10.1007/s11011-015-9774-x
https://doi.org/10.1212/wnl.0000000000003482
https://doi.org/10.1212/wnl.0000000000003482
https://doi.org/10.1016/j.jacc.2021.03.342
https://doi.org/10.1056/NEJMoa1114248
https://doi.org/10.1053/j.ajkd.2021.08.003
https://doi.org/10.1038/s41440-020-00612-y
https://doi.org/10.1038/s41440-020-00612-y
https://doi.org/10.1016/j.biopsych.2021.02.006
https://doi.org/10.1016/j.biopsych.2021.02.006
https://doi.org/10.1038/s41431-022-01135-5
https://doi.org/10.1038/s41431-022-01135-5
https://doi.org/10.1080/01616412.2022.2158640
https://doi.org/10.1002/mdc3.13005
https://doi.org/10.1007/s00467-020-04849-0
https://doi.org/10.1007/s11011-020-00623-1
https://doi.org/10.1007/s11011-020-00623-1
https://doi.org/10.1159/000358921
https://doi.org/10.1159/000358921
https://doi.org/10.1038/s41392-022-01036-5
https://doi.org/10.1038/s41392-022-01036-5
https://doi.org/10.1016/j.lfs.2023.121432
https://doi.org/10.1016/j.lfs.2023.121432
https://doi.org/10.1159/000524475
https://doi.org/10.1016/j.jstrokecerebrovasdis.2020.105404
https://doi.org/10.1016/j.jstrokecerebrovasdis.2020.105404
https://doi.org/10.1007/s12975-019-00698-8
https://doi.org/10.1016/j.freeradbiomed.2021.06.020
https://doi.org/10.1016/j.freeradbiomed.2021.06.020
https://doi.org/10.1002/mdc3.13074
https://doi.org/10.1002/mdc3.13074
https://doi.org/10.3390/ijms222312805
https://doi.org/10.3390/ijms222312805
https://doi.org/10.1007/s12035-022-02919-y
https://doi.org/10.1159/000522132
https://doi.org/10.1111/hdi.12587
https://doi.org/10.3390/nu15143205
https://doi.org/10.3390/nu15143205

Peng et al. BMC Public Health (2024) 24:2225 Page 12 of 12

33. Corsonello A, Fabbietti P, Formiga F, Moreno-Gonzalez R, Tap L, Mattace-Raso

H Y
F et al. Chronic kidney disease in the context of multimorbidity patterns: quIISher s Note ) R o
the role of physical performance: the screening for CKD among older Spmger Nature rema.ms.neu.tral Wlth‘regard to jurisdictional claims in
people across Europe (SCOPE) study. BMC Geriatr. 2020;20(350). https://doi. published maps and institutional affiliations.

0rg/10.1186/512877-020-01696-4.


https://doi.org/10.1186/s12877-020-01696-4
https://doi.org/10.1186/s12877-020-01696-4

	﻿Association between kidney function and Parkinson’s disease risk: a prospective study from the UK Biobank
	﻿Abstract
	﻿Introduction
	﻿Materials and methods
	﻿Study population
	﻿Participant selection
	﻿Kidney function exposures
	﻿Covariates
	﻿Model adjustment
	﻿Neuroimaging
	﻿Statistical analysis

	﻿Results
	﻿Sample characteristics
	﻿Cox proportional hazard model analysis
	﻿Independent association between kidney function and PD
	﻿Establishment and validation of a nomogram
	﻿Associations between eGFR and brain volumes

	﻿Discussion
	﻿Conclusion
	﻿References


