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Alzheimer's disease (AD) is a progressive and fatal neurodegenerative disease caused by a combination of
genetic and environmental risk factors. The serum metabolome refers to a set of small-molecules which
are an important determinant of cellular health. We obtained genome-wide association study (GWAS)
summary statistics for serum concentrations of 376 metabolites which were population matched with 2
GWAS studies of AD. For each metabolite we performed 2-sample MR (2SMR) using an inverse variance
weighted (IVW) estimate for significance testing. After Bonferroni multiple testing correction one metabo-
lite was causally linked to AD in both GWAS: serum urate. This result was supported by robust 2SMR
measures and sensitivity analyses. We applied 2SMR to test for a causal relationship between serum urate
and other neurodegenerative diseases: Parkinson disease (PD) and Amyotrophic lateral sclerosis (ALS). In
ALS but not PD we identified a nominally significant link between serum urate and disease-risk, although
in this case increased serum urate was protective. We conclude that serum urate is a modulator of risk

for neurodegeneration. Our work has implications for the design of preventative interventions.

© 2022 The Authors. Published by Elsevier Inc.

This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)

1. Introduction

Alzheimer’s disease (AD) is an enormous burden on hu-
man health, and is caused by a complex interaction of ge-
netic and environmental risk factors (Lord et al., 2021). Rec-
ognized environmental risk factors include the use of pesti-
cide/industrial chemicals, inorganic/organic hazardous products,
exposure to toxic molecules including aluminum and lead, and air
pollutants (Yegambaram et al., 2015). Heritability for AD is esti-
mated to be as high as 74% (Gatz et al., 1997) but only a small
minority of individuals suffer monogenic disease. Our understand-

Abbreviations: AD, Alzheimer’s disease; ALS, Amyotrophic lateral sclerosis; MR,
Mendelian randomization; SNP, Single nucleotide polymorphism; GWAS, Genome-
wide association study; 2SMR, Two-sample MR; IVW MR, Inverse variance weighted
mendelian randomization; MRE, Multiplicative random effects, LD, linkage disequi-
librium; MAF, Minor allele frequency, InSIDE, Instrument strength independent of
direct effect; LOO, Leave-one-out.

* Corresponding author at: Sheffield Institute for Translational Neuroscience
(SITraN), University of Sheffield, 385A Glossop Road, Sheffield, S10 2HQ.
E-mail address: j.cooper-knock@sheffield.ac.uk (J. Cooper-Knock).

ing of AD genetics is largely based on risk loci defined by genome-
wide association studies (GWAS) (Wightman et al., 2021).

Metabolites which make up the metabolome are the interme-
diates and end products of cellular regulatory processes. Changes
in the levels of metabolites are influenced by both genetic back-
ground and environmental stimuli (Bar et al., 2020). For example,
concentration of a given metabolite may be lower if rate-limiting
enzymes involved in its production are impaired by genetic vari-
ants altering their structure and function, or because of a lim-
ited supply of substrates from the diet. As a result, study of the
metabolome is an ideal method for considering the convergence
of genetic and environmental risk. Moreover, the metabolome is
potentially modifiable making it an attractive therapeutic target
(Jia et al., 2021)

Two-sample Mendelian randomization (2SMR) utilizes genetic
information which is fixed at conception to form instrumental
variables which are used to test whether a genetically associ-
ated “exposure” is causally linked to an “outcome” such as AD.
The experiment is analogous to a randomized controlled trial
where subjects are randomized to experimental or control groups
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Fig. 1. Unbiased screen for the identification of potential metabolites related
to AD. (A) Overview of our study plan. In order to identify metabolites causally
linked to AD we performed an unbiased screen of 376 metabolites by 2SMR. After
stringent Bonferroni multiple testing correction we identified a causal link between
serum urate and AD. This result was further evaluated by robust 2SMR tests and
sensitivity analyses. Finally we tested for a link between serum urate and other
neurodegenerative diseases. (B-C) QQ-plots of IVW p-values demonstrate that six
and two metabolites were significant after Bonferroni multiple testing correction
(red line) in the larger (Kunkle et al., 2019) (B) and smaller (Lambert et al., 2013)
(C) AD GWAS respectively.

(Hemani et al., 2018). This avoids much of the selection bias and
reverse causation (Zhang et al., 2021) which can plague case-
control studies and even prospective cohort studies. Standard epi-
demiological studies are often underpowered due to the require-
ment for measurement of both the exposure and disease in the
same cohort (Julian et al., 2021), whereas 2SMR enables the use
of separate cohorts to measure an exposure and outcome which
makes larger well-powered studies more feasible.

We have developed methods for large-scale unbiased (by which
we mean hypothesis-free or agnostic) application of 2SMR across
large numbers of exposures including the entire metabolome
(Boddy et al., 2022). Here, application of 2SMR in this way identi-
fied a causal effect of serum urate on risk for AD using 2 different
GWAS. We have followed this up with robust measures, sensitivity
analyses, and tests for reverse causation. We also show that there
may be an effect of urate on risk of amyotrophic lateral sclerosis
(ALS), another neurodegenerative disease. We offer important new
insights into an area of controversy. Our approach is summarized
in Fig. 1A.

2. Materials and methods
2.1. Exposure GWAS

Genetic instruments used to measure lifetime serum metabolite
levels were derived from publicly available GWAS (Kettunen et al.,
2016; Shin et al., 2014) for 376 metabolites. The 2 source stud-
ies differed in sample size and methodology: Kettunen et al. em-

ployed NMR spectroscopy to quantify metabolites in serum sam-
ples from up to 24,925 individuals (Kettunen et al., 2016); whereas
Shin et al. employed liquid-phase and gas chromatography coupled
with tandem mass spectroscopy in serum from 7824 individuals
(Shin et al., 2014). The sample population for both studies was al-
most exclusively European; both studies included ~2000 individ-
uals from the KORA cohort (Cooperative Health Research in the
Region of Augsburg). The different methodologies employed were
complementary: NMR is more easily applied in a high-throughput
manner but sensitivity is lower than mass spectroscopy based
quantification (Marshall and Powers, 2017). A total of 16 metabo-
lites (4% of the total number) where measured in both source stud-
ies, not including serum urate.

Downstream analysis was supported by a GWAS specific to
serum urate including 110,347 individuals of whom >90% were
European (Kottgen et al., 2013). This study was a meta-analysis
of >70 studies and included population controls together with a
smaller number (~3%) of individuals who suffered gout, which is
causally linked to elevated serum urate. Urate was quantified as
uric acid via the “uricase method” in the large majority of cohorts;
this relies on a measurable change in UV absorbance which occurs
upon addition of uricase to a sample, and is dependent on the con-
centration of uric acid.

2.2. Outcome GWAS

Unbiased screening utilized 2 AD GWAS composed of
63,926 individuals (Kunkle et al., 2019) and 54,162 individuals
(Lambert et al., 2013). Individuals within these studies were
overlapping although the sample size and the precise population
mix varied between studies. Both GWAS compared patients with a
clinical or pathological diagnosis of AD to population controls and
focused on Europeans. Only 434 controls from the KORA cohort
were used in both the outcome and the exposure GWAS. Overlap
between exposure and outcome GWAS can lead to bias but given
the small proportion of overlapping individuals (<1%), in this
instance we consider the effect to be negligible (Burgess et al.,
2016).

2.3. Two-sample Mendelian Randomization (2SMR)

In our unbiased metabolome screen, we reported the mul-
tiplicative random effects inverse variance weighted (IVW)
(Burgess et al., 2019) estimate of causal inference for all 2SMR tests
because this carries the most statistical power and is more robust
to heterogeneity than a fixed effects IVW (Julian et al., 2021). The
unbiased screen for metabolites was performed as described pre-
viously (Boddy et al.,, 2022), including a Bonferroni correction for
multiple testing, but with some modifications. Genetic instruments
were initially selected with a conservative p-value cut-off (p < 5E-
8). When the cut-off p-value is too stringent it can diminish power;
however, if weak instruments are included this increases the risk
of confounding pleiotropy or introduction on non-informative in-
struments which may bias toward the null (Julian et al., 2021).
To avoid both of these scenarios we sequentially trialled larger
p-value cut-offs (multiplied by a factor of 10) to determine the
lowest p-value cut-off for which 5-50 SNPs were associated with
the exposure after clumping. This was performed in an automated
manner. Identified SNPs within a 10kb window were clumped for
independence using a stringent cut-off of R? < 0.001 within a
European reference panel; where SNPs were in linkage disequi-
librium (LD) those with the lowest p-value were retained. Where
an exposure SNP was unavailable in the outcome dataset, a proxy
with a high degree of LD (R? > 0.9) was identified within a Euro-
pean reference population (Machiela and Chanock, 2015). The ef-
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fects of SNPs on outcomes and exposures were harmonized in or-
der to ensure that the beta values were signed with respect to
the same alleles. For palindromic alleles, those with minor allele
frequency (MAF) >0.42 were omitted from the analysis in order
to reduce the risk of errors due to strand issues (Hartwig et al.,
2016). After initial instrument selection we applied radial MR to
detect and exclude outlier instruments (Bowden et al., 2018b). As
before (Boddy et al., 2022), in the final step we excluded tests with
too few or too many SNPs in order to minimize p-value inflation.
Briefly: To ensure that we did not include false positive results in
our unbiased screen we measured the inflation factor (A1) which is
the ratio of the observed median p-value to the expected median
p-value. Under the assumption that the majority of statistical tests
will be non-significant then A should ~1. It is expected that the
majority of metabolites are unrelated to AD risk and therefore this
is a reasonable assumption. The optimal number of instrumental
SNPs was tuned to set A as close as possible to 1. For both AD
GWAS this resulted in a maximum number of instrumental SNPs
of 15 per test. In the smaller AD GWAS (Lambert et al., 2013), we
excluded tests including <7 instrumental SNPs and in the larger
AD GWAS (Kunkle et al., 2019) we excluded tests including <5
instrumental SNPs. The final number of tests was used to deter-
mine the Bonferroni corrected p-value; in the smaller AD GWAS
(Lambert et al., 2013) the number of tests was 104 and therefore
the threshold p-value was 0.05/104 = 4.8E-4, and in the larger AD
GWAS (Kunkle et al., 2019) the number of tests was 157 and there-
fore the threshold p-value was 0.05/157 = 3.2E-4.

Significance was calculated using a IVW estimate (Burgess et al.,
2013) which is well powered providing there is not an excess of
invalid SNPs (Bowden et al., 2016). To increase confidence in the
IVW results from our unbiased screen, we performed a series of
robust MR measures and sensitivity analyses. MR measures such
as the weighted median (Bowden et al., 2016), weighted mode
(Hartwig et al., 2017), and MR Egger (Slob and Burgess, n.d.) are
relatively robust to the presence of invalid SNPs. The strength
of instrumental variables associated with the exposure was
evaluated using the F-statistic, except where we were unable to
obtain effect allele frequencies (EAF) which prohibited this calcu-
lation. An F-statistic of >10 per instrumental SNP was taken to
signify a sufficiently strong correlation with the exposure (Burgess
et al,, 2011). Cochran’s Q test served to identify heterogeneity be-
tween instrumental SNPs (Bowden et al., 2018a). Radial MR was
applied to detect and exclude outlier instruments (Bowden et al.,
2018b). Finally, we performed a leave-one-out (LOO) analysis to
determine if any single SNP(s) were exerting a disproportionate ef-
fect (Burgess et al., 2019). The MR-Egger intercept test determines
whether there is directional horizontal pleiotropy. Finally, the pres-
ence of reverse causation, that is, an outcome which impacts an
exposure, can violate assumptions underlying 2SMR and therefore
we explicitly tested for this by reversing the direction of the 2SMR
test (Richmond et al., 2014).

In this work, the entire MR analyses were performed through
TwoSampleMR (version 0.5.6) and Mendelian Randomization (ver-
sion 0.6.0), Radial MR (version 1.0) and R (version 4.1.3) packages,
respectively.

3. Results

3.1. Unbiased 2SMR analysis highlights serum urate as a risk factor
for AD

In our previous work, we have used an unbiased 2SMR ap-
proach to successfully identify and validate metabolites linked to
risk for ALS (Boddy et al., 2022). We applied a similar approach
here to identify metabolites linked to risk of AD. To increase con-

fidence in our findings we applied our approach simultaneously in
2 different AD GWAS (Kunkle et al., 2019; Lambert et al., 2013) in-
cluding a stringent Bonferroni multiple testing correction in both
analyses (Methods). Only one metabolite was causally linked to
AD in both analyses after multiple testing correction: serum urate
(Supplementary Table 1, Supplementary Table 2, Fig. 1B-C).

In our unbiased screen, we derived instrumental SNPs asso-
ciated with exposure to serum urate from a GWAS containing
n = 7819 individuals (Shin et al., 2014). We selected 8 SNPs at a p-
value threshold of <5E-7 (Methods). In the smaller AD GWAS con-
taining n = 17,008 patients and n = 37,154 controls (Lambert et al.,
2013) serum urate was causally linked to AD (IVW p = 3.14E-5,
beta = 2.41, se = 0.58) (Table 1, Fig. 2A). In a larger AD GWAS con-
taining n = 21,982 patients and n = 41,944 controls (Kunkle et al.,
2019) serum urate was again significantly associated with risk for
AD (IVW p = 1.44E-6, beta = 2.36, se = 0.49, Table 1, Fig. 2B).

3.2. Measurement of serum urate in a different GWAS confirms a
causal link to AD

Our unbiased analysis has suggested a causal link between
the serum urate and AD using 2 different AD GWAS. As a fur-
ther confirmation we repeated the analysis using a different GWAS
for serum urate to derive instrumental SNPs. This GWAS was
larger (n = 110,347) but from a more heterogeneous population
(Kottgen et al., 2013); we selected 21-25 SNPs at a p-value thresh-
old of < 5 x 10~8 (Methods). We confirmed a causal associa-
tion with AD in both the smaller AD GWAS (Lambert et al., 2013)
(IVW p = 3.04E-2, beta = 0.092, se = 0.042, Table 1, Figure 2C)
and the larger AD GWAS (Kunkle et al., 2019) (IVW p = 1.52E-4,
beta = 0.137, se = 0.036, Table 1, Figure 2D).

3.3. Sensitivity analyses support the causative association of serum
urate with AD

Our IVW 2SMR tests revealed the evidence of a causal effect of
urate on AD which was consistent across multiple datasets. How-
ever, the IVW test is particularly vulnerable to pleiotropic instru-
ments; therefore we performed a series of sensitivity analyses to
check for confounding of the IVW test by SNP pleiotropy. The cal-
culated F-statistic was >10 for each instrument suggesting that we
had achieved adequate instrument strength (Methods) (Table 1), al-
though it was not possible to calculate the F-statistic for instru-
ments derived from the Koéttgen et al. study (Methods). Cochran’s
Q test did not reveal the evidence of instrument heterogeneity
(Table 1). Egger intercept p-values were greater than 0.05, suggest-
ing that there was no statistically significant directional horizon-
tal pleiotropy (Table 1). The LOO analysis revealed that the test of
the larger urate GWAS (Shin et al., 2014) against the smaller AD
GWAS (Lambert et al., 2013) was sensitive to removal of 4 differ-
ent instrumental SNPs (Table 1) however, none of the other anal-
yses were abrogated by removal of any single instrumental SNP,
suggesting that this observation may be related to an underpow-
ered test rather than instrument heterogeneity.

A causal effect of an outcome on an exposure can violate key
assumptions underlying 2SMR (Julian et al., 2021). Using both AD
and both serum urate GWAS we did not discover evidence that AD
was causally linked to serum urate, taking AD as the exposure and
serum urate as the outcome (Table 2, Fig. 3A-D); this is often re-
ferred to as bidirectional MR. An exception was the IVW test ul-
tising the smallest AD GWAS (Lambert et al., 2013) and the small-
est serum urate GWAS (Shin et al., 2014) (IVW p = 2.12E-3) how-
ever, this result was not significant in any of the robust measures.

Overall extensive sensitivity analyses and bidirectional MR are
consistent with a true causal effect of urate on AD.
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Table 1

Summary of robust MR measures and sensitivity analyses for 2SMR test of the causal effect of serum urate on AD. Odds ratios (OR) are derived from the IVW beta estimates

Serum [urate] (Kottgen et al.,
2013) vs. risk of AD

Serum [urate] (Kottgen et al.,
2013) vs. risk of AD

Serum [urate] (Shin et al.,
2014) vs risk of AD

Serum [urate] (Shin et al.,
2014) vs risk of AD

Test (Lambert et al., 2013) (Kunkle et al., 2019) (Lambert et al., 2013) (Kunkle et al., 2019)

IVW P value 3.04E-02 1.52E-04 3.14E-05 1.44E-06

MR Egger p value 3.35E-02 1.32E-02 3.10E-01 6.54E-01

Weighted median P value 7.73E-02 2.75E-03 1.01E-02 6.35E-03

Weighted mode P value 5.38E-02 4.05E-03 7.93E-02 6.40E-02

Number of SNPs F<10 NA NA 0 0

Egger Cochrans’s Q test P value 7.11E-01 9.00E-01 6.15E-01 7.10E-01

IVW Cochrans’s Q test P value 6.53E-01 8.75E-01 7.20E-01 7.77E-01

Egger intercept test 1.80E-01 2.49E-01 8.30E-01 6.22E-01

12 9.94E-01 9.94E-01 9.84E-01 9.84E-01

Number of SNPs LOO p > 0.05 4 0 0 0

Total Number of SNPs 25 21 8 8

p value 5.00E-08 5.00E-08 5.00E-07 5.00E-07

Outlier No outlier 2 (rs1165161, rs653178) No outlier No outlier

Palindromic 2 2 1 (rs938554) 1 (rs938554)
(rs17632159, rs6830367) (rs17632159, rs6830367)

95% OR_LCI 1.009 1.068 3.578 4.059

95% OR_UCI 1.190 1.230 34.577 27.694

OR 1.096 1.146 11.123 10.602

Beta IVW 0.092 0.137 2.409 2.361

SE IVW 0.042 0.036 0.579 0.490

Beta MR Egger 0.187 0.212 2.989 1.146

SE MR Egger 0.083 0.078 2.694 2.429

Beta Weighted median 0.114 0.177 2.468 2.452

SE Weighted median 0.062 0.060 0.965 0.888

Beta Weighted mode 0.114 0.182 2.637 2.469

SE Weighted mode 0.064 0.056 1.355 1.066

Table 2

Summary of robust MR measures and sensitivity analyses for 2SMR test of the causal effect of AD on serum urate

Risk of AD (Lambert et al.,
2013) vs. serum [urate]

risk of AD (Kunkle et al., 2019)
vs serum [urate]

Risk of AD (Lambert et al.,
2013) vs serum [urate]

risk of AD (Kunkle et al., 2019)
vs serum [urate]

Test (Kottgen et al., 2013) (Kottgen et al.,, 2013) (Shin et al., 2014) (Shin et al., 2014)
IVW p value 1.63E-01 1.36E-01 2.12E-03 4.97E-01

MR Egger p value 3.77E-01 6.31E-01 3.16E-01 3.32E-01
Weighted median p value 2.38E-01 1.80E-01 1.23E-01 3.21E-01
Weighted mode p value 4.61E-01 2.62E-01 2.96E-01 3.68E-01
Number of SNPs F<10 NA NA NA NA

Egger Cochrans’s Q test p value 7.31E-01 2.70E-01 8.16E-01 4.22E-01

IVW Cochrans’s Q test p value 5.23E-01 3.08E-01 8.37E-01 4.19E-01

Egger intercept test 1.84E-01 4.74E-01 5.08E-01 3.72E-01

12 9.96E-01 9.80E-01 9.97E-01 9.80E-01
Number of SNPs LOO p > 0.05 7 5 0 6

Total Number of SNPs 7 5 6 5

p value 5.00E-08 5.00E-08 5.00E-08 5.00E-08
Outlier No outlier No outlier No outlier 1 (rs73223431)
Palindromic 2 (rs12972156, rs12977604) 0 2 (rs12972156, rs12977604) 0

Beta [IVW -2.40E-02 -3.80E-02 1.00E-02 4.00E-03

3.4. Robust 2SMR tests support the causative association of serum
urate with AD

We have shown that the IVW test identifies a causal relation-
ship between urate and AD and there is no evidence of confound-
ing by reverse causation or instrument heterogeneity. To further
increase confidence in our results we applied a series of robust MR
measures which are less powerful than the IVW but less vulnera-
ble to instrument heterogeneity.

The 2SMR test of association between the smaller urate GWAS
(Shin et al., 2014) was significant in the weighted median anal-
ysis against AD with either the smaller (Lambert et al., 2013)
(p = 1.01E-2, beta = 2.468, se = 0.965, Table 1, Fig. 2A) or the
larger AD GWAS (Kunkle et al., 2019) (p = 6.35E-3, beta = 2.452
se = 0.888, Table 1, Fig. 2B). Moreover, the test of association be-
tween the larger urate GWAS (Kottgen et al., 2013) was also signif-
icant in the weighted median analysis (p = 2.75E-3, beta = 0.177,
se = 0.060, Table 1, Fig. 2D) and the weighted mode analysis

(p = 4.05E-3, beta = 0.182, se = 0.056, Table 1, Fig. 2D) against
the larger AD GWAS (Kunkle et al, 2019); and in the MR Eg-
ger analysis (p = 3.35E-2, beta = 0.187, se = 0.083, Table 1,
Fig. 2C) against the smaller AD GWAS (Lambert et al, 2013).
These results are keeping with our IVW findings suggesting that
there is a causal association of serum urate with increased risk
of AD.

Not all robust measures were found to be significant in MR
robust tests. However, this is not unexpected given the relatively
poor power of these measures (Wang et al., 2020).

3.5. Evaluation of a causal effect of serum urate on risk of PD and
ALS

After the validation of causal relation between urate and AD
as supported by IVW and sensitivity/robust MR measures, we also
tested whether serum urate was causally linked to other neurode-
generative diseases including PD or ALS by 2SMR (Methods). We
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Fig. 2. 2SMR tests for a causal effect of serum urate on AD. (A-D) Scatter plots showing significant positive association of serum urate with increased risk of AD across two
different AD (left and right panels) and serum urate (upper and lower panels) GWAS. In each case the IVW result was statistically significant: IVW p = 3.14e-05, beta = 2.409,
se = 0.579 (A); IVW p = 1.44e-06, beta = 2.361, se = 0.490 (B); IVW p = 3.04e-02, beta = 0.092, se = 0.042 (C); IVW p = 1.52e-04, beta = 0.212, se = 0.078 (D). Points

indicate effect size () and standard errors for each SNP-outcome relationship.

observed that IVW results were not significant for the analysis of
either serum urate GWAS (Kéttgen et al., 2013; Shin et al., 2014)
against PD (Nalls et al, 2019) (IVW p = 7.78E-1, beta = -0.016,
se = 0.057, Fig. 4C and IVW p = 8.00E-1, beta = -0.148, se = 0.586,
Fig. 4A; Table 3). For ALS GWAS (Nicolas et al., 2018), there was
some evidence of association between serum urate dataset mea-
sured using the smaller GWAS (Shin et al,, 2014) (IVW p = 4.41E-
3, beta = -0.072, se = 0.271, Table 4, Fig. 4B) and this test was
also significant in the weighted median (p = 0.021, beta = -1.007,
se = 0.436, Table 4). However, sensitivity analyses revealed that
this result was invalidated by removal of a single instrumental SNP
(Fig. 4B, Table 4) suggesting that it may be a false positive. There
was no evidence of association between the serum urate and risk
of ALS using the larger urate GWAS (Kottgen et al., 2013) (Fig. 4D,
Table 4)

4. Discussion

In the present study, 2SMR was employed in an unbiased
hypothesis-free fashion to explore the causal effect of serum
metabolites on AD risk. Our results indicated that serum urate
was causally associated with increased risk of AD. This result
was supported by sensitivity analyses and robust MR measures.

This result was significant in 2 different AD GWAS after strin-
gent multiple testing correction even when urate was consid-
ered alongside hundreds of other metabolites. Interestingly, we
observed some evidence of a causal relationship between serum
urate and risk of another neurodegenerative disease, ALS. How-
ever, in this case the direction of association was reversed and
the sensitivity analysis suggested that this may be a false posi-
tive. If this result is confirmed in future works then this could
indicate that serum urate is linked to neurodegeneration more
broadly.

In our analyses we did not observe a simple relationship be-
tween the effect size and sample size as might be expected if
adding more patients linearly increased statistical power to detect
an effect. However, we note that larger sample size also increases
population heterogeneity which can confound 2SMR because of a
reliance on LD-structure for the selection of consistent instrumen-
tal SNPs (Julian et al., 2021). Indeed we have previously discussed
examples where the larger study does not necessarily provide the
correct result (Julian et al., 2021). It should also be noted that
in the analysis of the largest urate GWAS against the largest AD
GWAS the causal relationship between serum urate and risk of AD
achieved significance in the IVW and both the weighted median
and weighted mode robust 2SMR measures.
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Table 3
Summary of robust MR measures and sensitivity analyses for 2SMR test of the causal effect of serum urate on PD. Odds ratios (OR) are derived from the IVW

beta estimates.

Test Serum [urate] (Kottgen et al., 2013) vs. risk of PD Serum [urate] (Shin et al., 2014) vs. risk of PD
IVW p value 7.78E-01 8.00E-01
MR Egger p value 1.41E-01 5.59E-01
Weighted median p value 4.71E-01 9.20E-01
Weighted mode p value 2.95E-01 9.76E-01
Number of SNPs F<10 NA 0

Egger Cochrans’s Q test p value 5.72E-01 1.75E-01
IVW Cochrans’s Q test p value 4.37E-01 1.78E-01
Egger intercept test 1.08E-01 3.99E-01
12 9.94E-01 9.84E-01
Number of SNPs LOO p > 0.05 19 10

Total Number of SNPs 18 9

p value 5.00E-08 5.00E-07
Outlier 5 (rs10761587, rs1260326, rs1471633, rs2307394, rs729761) No outlier
Palindromic 2 (rs17632159, rs6830367) 1 (rs938554)
95% OR_LCI 0.881 0.273

95% OR_UCI 1.100 2.719

OR 0.984 0.862
Beta IVW -0.016 -0.148

SE IVW 0.057 0.586
Beta MR Egger -0.149 0.661

SE MR Egger 0.096 1.079
Beta Weighted median -0.056 0.054

SE Weighted median 0.078 0.559
Beta Weighted mode -0.083 0.018

SE Weighted mode 0.081 0.526
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Fig. 4. 2SMR tests for a causal effect of serum urate on PD and ALS. (A-D) Scatter plots illustrate that there was no causal effect of serum urate on PD risk: [VW
p = 8.00e-01, beta = -0.148, se = 0.586 (A); IVW p = 7.78e-01, beta = -0.016, se = 0.057 (C). There was some evidence for a causal effect of serum urate on risk of ALS:
IVW p = 4.41e-03, beta = -0.772, se= 0.271 (B) but not in the larger serum urate GWAS: IVW p = 3.81e-01, beta = -0.034, se = 0.038 (D). Points indicate effect size (8) and

standard errors for each SNP-outcome relationship.

Urate is closely linked to uric acid (UA), a hydrophilic molecule
which can scavenge free radicals including superoxide and sin-
glet oxygen, that is essential for homeostasis within the CNS
(Bowman et al., 2010). Despite this, there is controversy re-
garding the association of urate and UA with neurodegenerative
disease. Lower serum UA levels have been associated with AD
(Cankurtaran et al.,, 2013; Euser et al., 2009; Kim et al., 2006;
Polidori and Mecocci, 2002) but another study found no signifi-
cant differences in serum UA between aged healthy individuals and
sufferers of AD or Parkinson’s disease (PD) (Ahlskog et al., 1995).
A meta-analysis of multiple studies also concluded that serum UA
levels in AD patients are not significantly different from healthy
controls (Chen et al., 2014). Higher serum UA has been proposed to
reduce the rate of deterioration in cognitive function in individuals
with mild cognitive impairment (Irizarry et al., 2009; Rinaldi et al.,
2003) but another study suggested that even a mild increase in UA
level might increase the risk of cognitive decline in elderly adults
(Schretlen et al., 2007). Overall, controversy in the literature means
that the role of urate and UA in AD suggests that there may be
confounding, perhaps as a result of selection bias, which will not
affect our 2SMR results (Williams et al., 2019).

Other literature is consistent with our finding that urate is
causally linked to AD and suggests a mechanism whereby UA-
induced oxidative stress can exacerbate inflammation and forma-
tion of B-amyloid pathology. UA induces the generation of hydro-
gen peroxide (Ko et al., 2019) and, causes the formation of superox-
ide anions when metabolized from xanthine in the UA biogenesis
pathway (Vannorsdall et al., 2014) suggesting that urate may con-
tribute to oxidative stress in the cell (Song and Zhao, 2018). This
has been linked to core molecular defects underlying AD; a recent
work concluded that long term exposure to serum urate might en-
hance the production of tumor necrosis factor-o (TNF-¢) and B-
amyloid peptide resulting from oxidative stress in rats (Tian et al.,
2021).

A previous MR study of metabolites linked to risk of AD
(Lord et al., 2021) concluded that a number of lipid traits were
causally associated with AD. Of note plasma urate was not consid-
ered in this hypothesis-led study. Similarly, our relatively conser-
vative method in which we excluded traits with a large number
of instrumental SNPs due to the risk of instrument pleiotropy, re-
moved the large majority of lipid traits considered by Lord et al.
(2021).
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Table 4

Summary of robust MR measures and sensitivity analyses for 2SMR test of the
causal effect of serum urate on ALS. Odds ratios (OR) are derived from the IVW
beta estimates

Serum [urate]
(Shin et al.,
2014) vs. risk of

Serum [urate]
(Kottgen et al., 2013) vs.

Test risk of ALS ALS
IVW p value 3.81E-01 4.41E-03
MR Egger p value 1.92E-01 9.36E-02
Weighted median p value 3.34E-01 2.11E-02
Weighted mode p value 3.65E-01 5.82E-02
Number of SNPs F<10 NA 0
Egger Cochrans’s Q test p 8.28E-01 8.74E-01
value
IVW Cochrans’s Q test p value 8.05E-01 8.32E-01
Egger intercept test 2.73E-01 3.38E-01
12 9.93E-01 9.86E-01
Number of SNPs LOO p > 0.05 22 1
Total Number of SNPs 21 8
p value 5.00E-08 5.00E-07
Outlier 3 (rs2231142, rs3741414, 1 (rs2231142)
rs653178)
Palindromic 2 (rs17632159, rs6830367) 1 (rs938554)
95% OR_LCI 0.897 0.271
95% OR_UCI 1.042 0.786
OR 0.967 0.462
Beta IVW -0.034 -0.772
SE IVW 0.038 0.271
Beta MR Egger -0.116 -1.365
SE MR Egger 0.086 0.685
Beta Weighted median -0.059 -1.007
SE Weighted median 0.062 0.436
Beta Weighted mode 0.057 -1.022
SE Weighted mode 0.060 0.439

We propose that our findings could form the basis of ther-
apeutic intervention, perhaps via dietary modification. A num-
ber of studies that have explored this, for example a longitudi-
nal Taiwanese study concluded that risk of dementia in gout pa-
tients curated with urate-reducing agent was 30% less as com-
pared to a control group or gout patients treated differently
(Hong et al., 2015). Similarly, dietary interventions thought to be
associated with reduced serum urate, such as the Mediterranean-
type diet, Dietary Approach to Stop Hypertension (DASH) and
Mediterranean-DASH diet Intervention for Neurodegenerative De-
lay (MIND), have achieved reduction both in cognitive decline and
AD incidence (Solfrizzi et al., 2017). However, AD is associated with
cardiovascular risk which may also have been modified by these
dietary interventions.

We would like to draw attention to certain strengths and weak-
nesses of our work. Our analysis benefits from an unbiased data-
driven approach to the serum metabolome, the use of multiple
datasets, and our application of relatively stringent criteria (includ-
ing robust tests and sensitivity analyses) for a positive result, all
of which adds confidence to our findings. There is a degree of
overlap in sample sets utilized by the 2 AD GWAS we employed
(Kunkle et al., 2019; Lambert et al., 2013) although, it is informa-
tive that despite this, serum urate was the only exposure to be
causally associated in both datasets after Bonferroni multiple test-
ing correction. A weakness of our work is the lack of biological
interpretation because we have not performed any follow-up func-
tional analyses. However, the starting point of this study was the
metabolome and not specifically serum urate, and thus experimen-
tal evaluation of serum urate is beyond the scope of this work. It
is notable that our 2SMR study was performed at population-scale
which makes it difficult to make individualized predictions regard-
ing the effect of serum urate on AD risk. Future work will need
to identify which specific individuals or genetic backgrounds are

at risk of urate-induced AD; these individuals may benefit from
urate-lowering interventions.
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