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Blood pressure and kidney function have a bidirectional
relation. Hypertension has long been considered as a risk
factor for kidney function decline. However, whether
intensive blood pressure control could promote kidney
health has been uncertain. The kidney is known to have a
major role in affecting blood pressure through sodium
extraction and regulating electrolyte balance. This
bidirectional relation makes causal inference between
these two traits difficult. Therefore, to examine the causal
relations between these two traits, we performed two-
sample Mendelian randomization analyses using summary
statistics of large-scale genome-wide association studies.
We selected genetic instruments more likely to be specific
for kidney function using meta-analyses of complementary
kidney function biomarkers (glomerular filtration rate
estimated from serum creatinine [eGFRcr], and blood urea
nitrogen from the CKDGen Consortium). Systolic and
diastolic blood pressure summary statistics were from the
International Consortium for Blood Pressure and UK
Biobank. Significant evidence supported the causal effects
of higher kidney function on lower blood pressure. Based
on the mode-based Mendelian randomization method, the
effect estimates for one standard deviation (SD) higher in
log-transformed eGFRcr was -0.17 SD unit (95 % confidence
interval: -0.09 to -0.24) in systolic blood pressure and -0.15
SD unit (95% confidence interval: -0.07 to -0.22) in diastolic
blood pressure. In contrast, the causal effects of blood
pressure on kidney function were not statistically
significant. Thus, our results support causal effects of
higher kidney function on lower blood pressure and
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suggest preventing kidney function decline can reduce the
public health burden of hypertension.
Kidney International (2020) 98, 708–716; https://doi.org/10.1016/
j.kint.2020.04.044
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H ypertension and chronic kidney disease (CKD) are 2
interconnected global public health burdens. The
estimated prevalence of hypertension is 31%, and

CKD affects w10% of adults.1–3 Both CKD and hyper-
tension are major risk factors for cardiovascular disease and
mortality.4–6 Blood pressure (BP) and kidney function have
a bidirectional relation. Hypertension has long been
considered as a risk factor for kidney function decline on
the basis of observational studies.7–10 However, it is un-
certain whether intensive BP control could promote kidney
health on the basis of the results from randomized
controlled trials.11,12 On the relation between kidney
function decline and higher BP, 2 observational studies
reported a significant association between lower kidney
function and incident hypertension. However, the kidney
function biomarkers with the significant association were
cystatin C and b2 microglobulin whereas serum creatinine,
the most commonly used kidney function biomarker, was
not significant.13,14 These inconsistent results make infer-
ring the causal relation between BP and kidney function
difficult. Evaluating the causal relations between kidney
function and BP (Figure 1a) can inform disease prevention
and treatment strategies.15

Mendelian randomization (MR) is an approach using ge-
netic variants as instrumental variables of the exposure to
estimate causal effects of the exposure on an outcome
Kidney International (2020) 98, 708–716
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Figure 1 | (a) The hypothesized bidirectional relations between kidney function and blood pressure (BP) depicted in a directed
acyclic graph (DAG) in which the black arrows represent causal relations. In our study, the primary kidney function measures were
glomerular filtration rate (GFR) estimated from serum creatinine and not measured directly. Adapted from Davey Smith G, Hemani G.
Mendelian randomization: genetic anchors for causal inference in epidemiological studies. Hum Mol Genet. 2014;23:R89–R98.15 ª The Author
2014. Published by Oxford University Press. (b) Selection of genetic instruments for GFR estimated from serum creatinine (eGFRcr) and
systolic blood pressure (SBP), our primary traits. The centered graph represents the conceptual causal relations (black arrows) between
estimated GFR and SBP, similar to the DAG in (a), except that estimated GFR levels were calculated from serum creatinine and therefore has 2
parts: a GFR and a biomarker-level component. The diagrams on the 2 sides with gray arrows represent the process of genetic instrument
selection. LD, linkage disequilibrium; SNP, single-nucleotide polymorphism.
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overcoming the confounding inherent in observational
studies.15 Two-sample MR analysis is an extension of the MR
method that allows the use of summary statistics of genome-
wide association studies (GWASs) for MR studies without
directly analyzing individual-level data. Using two-sample MR
analysis, Liu et al. found causal effects of systolic BP (SBP)
and diastolic BP (DBP) on CKD.16 Morris et al. reported a
significant causal effect of lower kidney function on higher
DBP and not on SBP.17 Taking advantage of the recent large-
scale meta-analysis of the GWAS of kidney function that
Kidney International (2020) 98, 708–716
included complementary glomerular filtration rate (GFR)
biomarkers, we performed two-sample MR analyses to eval-
uate the potential bidirectional causal relation between kidney
function and BP. The primary kidney function trait was
estimated GFR from serum creatinine (eGFRcr),18 with blood
urea nitrogen (BUN) as a secondary trait. The primary BP
trait was SBP, with DBP as a secondary trait.

To obtain robust conclusions from our analyses, we paid
particular attention to 2 critical aspects in this MR study. One
aspect is the use of serum creatinine for GFR estimation,
709



Table 1 | Basic characteristics of the studies that contributed
summary statistics of kidney function (CKDGen) and blood
pressure (ICBP-UK Biobank)

Characteristica CKDGen

Sample size 567,460
Age (yr), median 50.1
Male percentage 48.2
eGFRcr (ml/min per
1.73 m2), median

91.4

CKD percentage 8.6

Characteristicb ICBP UK Biobank

Sample size 299,024 458,577
Age (yr), mean 54.9 56.8
Male percentage 44.9 45.8
SBP (mm Hg), mean 134.3 141.1
DBP (mm Hg), mean 80.6 84.3

CKD, chronic kidney disease; CKDGen, Chronic Kidney Disease Genetics; DBP, dia-
stolic blood pressure; ICBP, International Consortium for Blood Pressure; eGFRcr,
estimated glomerular filtration rate calculated from serum creatinine; SBP, systolic
blood pressure.
aThe basic characteristics of the studies participated in the CKDGen Consortium were
calculated as the weighted average of the characteristics of each study reported in
Wuttke M, Li Y, Li M, et al. A catalog of genetic loci associated with kidney function
from analyses of a million individuals. Nat Genet. 2019;51:957–972,21 with the study-
specific sample size as the weight.
bThe basic characteristics of the studies participated in the ICBP were calculated as
the weighted average of the characteristics of each study, with the study-specific
sample size as the weight. These study-specific characteristics and the UK Biobank
characteristics were reported in Evangelou E, Warren HR, Mosen-Ansorena D, et al.
Genetic analysis of over 1 million people identifies 535 new loci associated with
blood pressure traits. Nat Genet. 2018;50:1412–1425.22
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which might link eGFRcr to genetic variants related to
creatinine metabolism and not GFR, making it difficult to
interpret any causal relations between eGFRcr and BP. To
address this issue, we used data from a large-scale meta-
analysis of the GWAS of BUN, a complementary GFR
biomarker, to select genetic instruments that are more likely
to be specific to kidney function. The second aspect is the
assumption of the lack of horizontal pleiotropy of the genetic
instruments; that is, the genetic instruments must be associ-
ated with the outcome through the exposure only. This
assumption is difficult to assess and verify.19 To address this
issue, we used multiple MR methods and prioritized the
method that are known to be robust to the presence of hor-
izontal pleiotropy and the influence of outlying genetic
instruments.20

RESULTS
Summary of population characteristics
The meta-analysis of the GWAS of kidney function included
largely adult population–based cohorts (among cohorts in the
Chronic Kidney Disease Genetic [CKDGen] Consortium;
median age, 50.1 years; median of male percentage, 48.2;
median eGFRcr, 91.4 ml/min per 1.73 m2; n ¼ 567,460 for
eGFRcr and n ¼ 243,031 for BUN) (Table 1).21,22 The meta-
analysis of the GWAS of BP also included largely population-
based cohorts (mean age, 54.9 years for the International
Consortium for Blood Pressure [ICBP] and 56.8 years for the
UK Biobank [UKB]; male percentage, 44.9 for ICBP and 45.8
for UKB; mean SBP, 134.3 mm Hg for ICBP and 141.1
710
mm Hg for UKB; n ¼ 299,024 for ICBP and n ¼ 458,577 for
UKB; Table 1).

Selection of genetic instruments for kidney function
The genetic instruments for kidney function were selected
from the summary statistics of the meta-analysis of the GWAS
of European-ancestry participants from the CKDGen Con-
sortium.22 Of the 256 reported index single-nucleotide
polymorphisms (SNPs) of eGFRcr, after the removal of
SNPs associated with potential confounders (see Methods;
Supplementary Table S1), 213 index SNPs remained
(Figure 1b; Supplementary Table S2). Using BUN as the
complementary kidney function marker, we retained 40 index
SNPs on the basis of their association with BUN having di-
rection consistency in kidney function and satisfying the
Bonferroni-corrected significance threshold (see Methods;
Supplementary Table S3). For example, the index SNP at
GATM, which encodes an enzyme in creatine metabolism,23

was removed because of an insignificant association with
BUN (rs1145077; eGFRcr, P ¼ 6.9 � 10�142; BUN, P ¼ 0.92).
After pairwise linkage disequilibrium clumping and matching
of the coding allele between the summary statistics of the
exposure and those of the outcome, 35 index SNPs remained.
Finally, Steiger filtering removed the index SNPs at FGF5 and
SPI1 (Supplementary Table S4), resulting in 33 genetic in-
struments for eGFRcr, which explained 1.33% of the variance
of log(eGFRcr). None of these 33 genetic instruments were
associated with the urinary sodium-to-creatinine ratio or
urinary potassium-to-creatinine ratio at the genome-wide
significance level (P < 5 � 10�8) in a large-scale GWAS of
UKB participants (n ¼ 327,613) (Supplementary Table S5).24

Using similar selection procedures, the number of genetic
instruments retained for BUN was 24, which explained 1.18%
of the variance of log(BUN). For example, using eGFRcr as
the complementary kidney function biomarker, the BUN
index SNP at SLC14A2, a urea transporter,25,26 was removed
because of an insignificant association with eGFRcr
(rs41301139; P ¼ 0.14) (Supplementary Table S6). The
numbers of SNPs retained after each selection step are re-
ported in Supplementary Table S7.

Significant causal effect of kidney function on BP
We identified significant evidence of causal effects of higher
kidney function on lower BP. Using weighted mode, our
primary method, we observed that the estimates of causal
effect for each SD higher log(eGFRcr) were �0.17SD in SBP
(95% confidence interval, �0.24 to �0.09; P ¼ 9.92 � 10�5)
and �0.15SD in DBP (95% confidence interval, �0.22
to �0.07; P ¼ 5.02 � 10�4) (Figure 2). These causal effects
were equivalent to 10% higher eGFRcr, leading to 2.35
mm Hg lower SBP and 1.14 mm Hg lower DBP. If the relation
between eGFRcr and BP is linear,27,28 a 50% lower eGFRcr
would lead to 17.5 mm Hg higher SBP and 8.4 mm Hg higher
DBP. We also observed significant causal effects of BUN, the
secondary kidney function trait, on SBP and DBP (weighted
mode method: SBP, P ¼ 4.92 � 10�4; DBP, P ¼ 3.88 � 10�6).
Kidney International (2020) 98, 708–716



Figure 2 | Estimates of causal effect of log(glomerular filtration rate estimated from serum creatinine [eGFRcr]) and log(blood urea
nitrogen [BUN]) on systolic blood pressure (SBP) and diastolic blood pressure (DBP) calculated using the weighted mode method. CI,
confidence interval.
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Using other MR methods—inverse variance–weighted fixed-
effects (IVW-FE) method, MR-Egger, weighted median, and
MR analysis using mixture models29–32—all estimates of
causal effect were in the same direction as of those from
weighted mode and statistically significant, providing support
for causal effects of lower eGFRcr on higher SBP and DBP
(Supplementary Table S8). Analysis using the Mendelian
randomization pleiotropy residual sum and outlier (MR-
PRESSO) method with the explicit removal of outlying in-
struments showed similar results (Supplementary Table S9).
The scatter plots with the regression line from all MR
methods are shown in Supplementary Figures S1A to S4A.
The forest plots of single SNP effects from each of the kidney
function traits to each of the BP traits are shown in
Supplementary Figures S1B to S4B. Multiple sensitivity ana-
lyses resulted in similar estimates of causal effect of kidney
function on BP (Supplementary Tables S10 and S11 and
Supplementary Results).

Selection of genetic instruments for SBP and DBP
The genetic instruments for SBP and DBP were selected from
the summary statistics of the meta-analysis of GWAS from the
UKB-ICBP collaboration.22 Of the 551 reported index SNPs of
SBP, after the removal of SNPs associated with potential con-
founders, linkage disequilibrium clumping, and matching of the
coding allele, 250 index SNPs remained (Supplementary
Tables S1, S2, and S7; Figure 1b). When eGFRcr was used as
the outcome, Steiger filtering removed 10 SBP index SNPs
including those at UMOD/PDILT and PRKAG2 (Supplementary
Table S4), resulting in 240 genetic instruments for SBP,
explaining 2.46% of the variance of SBP. Of the 537 reported
DBP index SNPs, after the removal of SNPs associated with
potential confounders, linkage disequilibrium clumping, and
matching of the coding allele, 250 remained (Supplementary
Tables S1, S2, and S7). When eGFRcr was used as the
outcome, Steiger filtering removed 8 DBP index SNPs including
those at UMOD/PDILT and PRKAG2 (Supplementary Table S4),
resulting in 234 genetic instruments for DBP, explaining 2.85%
of the variance of DBP. With the same SNP selection algorithms,
Kidney International (2020) 98, 708–716
248 genetic instruments for SBP and 237 genetic instruments
for DBP were selected when CKD was the outcome and 243
genetic instruments for SBP and 233 genetic instruments for
DBP were selected when BUN was the outcome
(Supplementary Tables S4 and S7).

Estimates of causal effect of BP on kidney function
Using weighted mode, our primary method, we observed that
the estimates of causal effect of BP on kidney function were
generally not significant, accounting for multiple testing (P <
0.025; see Methods). The estimate of causal effect for each SD
higher SBP was �0.09SD log(eGFRcr) (95% confidence
interval, �0.18 to �0.002; P ¼ 4.71 � 10�2) (Figure 3;
Supplementary Table S8). This estimate is equivalent to 10
mm Hg higher SBP, leading to 0.6% lower eGFRcr. The es-
timates of causal effect of SBP on eGFRcr from other MR
methods were also modest (10 mm Hg higher SBP for <1%
difference in eGFRcr). Similar nonsignificant and modest
estimates of causal effect were observed for DBP on the 3
kidney function outcomes—eGFRcr, CKD, and BUN—using
weighted mode as well as MR analysis using mixture models,
one of the methods most robust to horizontal pleiotropy
(Supplementary Table S8).33 In contrast, using IVW-FE, the
estimates of causal effect were significant across both SBP and
DBP on kidney function outcomes. The results of MR-
PRESSO, an extension of IVW-FE with outlier removal,
were consistent with the IVW-FE results (Supplementary
Table S9). The scatter plots with the regression line from all
MR analyses are shown in Supplementary Figures S5A to
S10A. The forest plots of single SNP effects from BP traits to
kidney function traits are shown in Supplementary
Figures S5B to S10B. Sensitivity analysis using BP summary
statistics from UKB only as the exposure resulted in similar
estimates of causal effect for SBP and DBP on eGFRcr, BUN,
and CKD (Supplementary Table S10).

DISCUSSION
Extensive MR analyses, based on the GWAS summary sta-
tistics with the largest sample sizes available to date for kidney
711



Figure 3 | Estimates of causal effect of systolic blood pressure (SBP) and diastolic blood pressure (DBP) on log(glomerular filtration
rate estimated from serum creatinine [eGFRcr]), log(blood urea nitrogen [BUN]), and chronic kidney disease (CKD) calculated using
the weighted mode method. CI, confidence interval.
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function and BP, showed evidence of a causal effect of kidney
function on BP. Specifically, we observed that 50% lower
eGFRcr results in 17.5 mm Hg higher SBP and 8.4 mm Hg
higher DBP. In contrast, the causal effect of BP on kidney
function was not supported across MR methods. The signif-
icant causal effect of lower kidney function on higher BP
suggests that preventing kidney function decline can reduce
the public health burden of hypertension.

Kidney function is difficult to measure and is generally
estimated using biomarkers.34 The systematic measurement
errors in GFR estimation due to the biomarker pose chal-
lenges for the study of kidney function, particularly for early
kidney function decline using eGFRcr because the systematic
measurement errors increase as GFR approaches or is within
the normal range.18 In 2 population-based association studies
that reported a significant association between lower kidney
function and incident hypertension, the kidney function
biomarkers with the significant association were cystatin C
and b2 microglobulin whereas serum creatinine, the most
commonly used GFR biomarker, was not significant.13,14 In
this MR study, we used a novel approach of combining GFR
biomarkers in selecting the genetic instruments for kidney
function to overcome the systematic measurement errors in
eGFRcr and found significant causal effects of lower kidney
function on higher BP at the population level. This finding is
consistent with the important physiological role of the kidney
in affecting BP through the regulation of sodium excretion
and electrolyte balance35 as well as with the genetics of
hypertension-attributed kidney disease in African Americans,
in whom the APOL1 high-risk genotype confers twice the risk
of CKD progression and appears to directly affect kidney
function rather than BP.36–38

Our study extends previous MR studies of the causal effect
of kidney function on BP. A significant bidirectional causal
relation between higher albuminuria, an indicator of kidney
712
damage, and higher SBP and DBP has been reported using the
large-scale UKB data.39 In contrast, the causal effects of
eGFRcr on SBP and DBP had inconsistent results. Morris
et al. reported a significant causal effect of eGFRcr on DBP
but not on SBP.17 Our study used a complementary GFR
biomarker approach to identify genetic instruments that were
more likely to be specific for GFR and found robust causal
effects of eGFRcr on both SBP and DBP.

On the causal effect of BP on kidney function, significant
causal effects of higher SBP and DBP on CKD have been re-
ported using the IVW-FE method, which requires a strong
assumption on the sum of horizontal pleiotropy to be zero to
provide consistent estimates.40 In our study, the IVW-FE
method also provided significant estimates of causal effect
of SBP and DBP on CKD, with effect sizes similar to those
reported previously.16 If the assumption on horizontal plei-
otropy of the IVW-FE method is valid, the IVW-FE method
would be more powerful. Given the substantial heterogeneity
of the effect of the genetic instruments for BP on kidney
function, the horizontal pleiotropy assumption of the IVW-
FE method may not hold. Across all methods, the effect es-
timates of BPon kidney functionwere small (<1% difference
in eGFRcr per 10 mm Hg difference in SBP). Our incon-
clusive MR results of the causal effect of BP on kidney
function might be due to measurement inaccuracies in kid-
ney function contributed by GFR biomarkers, leading to a
dilution of the estimates of causal effect. Another potential
source of these inconclusive results might be the ability of the
kidney to adapt to small differences in BP.41,42 Some have
hypothesized that only severe hypertension would lead to
kidney function decline.43 It should also be noted that our
results mirror, to some extent, the results of BP control from
randomized controlled trials, which have failed to show
consistent protective effects of kidney function, particularly
within the trial period.44–46
Kidney International (2020) 98, 708–716
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Our use of Steiger filtering, which compared the effect size
of a genetic instrument for the exposure and outcome, sug-
gested that some kidney function loci may affect kidney
function through BP, such as FGF5, and some BP loci may
affect BP through kidney function, such as UMOD, which
expresses exclusively in the kidney.47 These results provide
insight into the potential pleiotropy underlying GWAS find-
ings of these traits.

Our study has several strengths. First, we used a novel
approach of combining GFR biomarkers to select genetic
instruments that are more likely to be specific to kidney
function to overcome measurement inaccuracies in kidney
function contributed by GFR biomarkers. Second, we used
summary statistics of large-scale GWASs. Lastly, to reduce the
possibility of violating the assumptions of MR, we used a
range of techniques: the evaluation of the association of index
SNPs with potential confounders, the use of Steiger filtering
to reduce potential reverse causation driven by genetic in-
struments, and a selection of a primary method that is robust
to the presence of pleiotropy accompanied by sensitivity
analysis using alternative methods.

Some limitations warrant mentioning. The MR approach
uses genetic instruments to represent lifelong differences in
exposure levels for estimating causal effects on an outcome.
Developmental adaptation could alter the effect of the genetic
instruments on the outcome.48 The two-sample MR methods
rely on GWAS summary statistics and assume a linear rela-
tionship between the exposure and the outcome. We did not
evaluate a potential nonlinear relationship between kidney
function and BP or investigate potential mechanisms linking
kidney function and BP, such as sodium and potassium
handling. In our primary analysis, cohorts in the CKDGen
Consortium and UKB-ICBP collaboration had some overlap,
which might lead to bias in the estimates of causal effect.49

However, our results using nonoverlapping populations in
exposure and outcome (CKDGen Consortium and UKB
only) were similar to those of our primary analysis. The
CKDGen Consortium populations included studies of CKD
patients and children, who were a small proportion of the
overall study population. Overall, the populations in the
summary statistics for exposures and outcomes were
similar.50

In summary, using a novel approach that combines GFR
biomarkers for selecting genetic instruments for kidney
function, we found that lower kidney function is causal to
higher BP. This result suggests that preventing kidney func-
tion decline may reduce the public health burden of
hypertension.
METHODS
Study design overview
We performed two-sample MR analyses to estimate the causal effects
of kidney function on BP, and vice versa. The primary kidney function
trait was eGFRcr, with BUN as a secondary trait. CKD, defined as
eGFRcr < 60 ml/min per 1.73 m2, was a secondary outcome.21 The
primary BP trait was SBP, with DBP as a secondary trait.51 Published
Kidney International (2020) 98, 708–716
GWAS summary statistics were obtained from themeta-analysis of the
GWAS of European-ancestry participants from the CKDGen Con-
sortium21 for kidney function and from the UKB-ICBP collabora-
tion22 for BP. Genotypes in the GWASs were imputed using the
Haplotype Reference Consortium52 or the 1000 Genomes Project53

reference panels. All GWAS summary statistics assumed an additive
genetic model.

Summary statistics of kidney function from the CKDGen
Consortium
The meta-analysis of the GWASs of eGFRcr included 54 cohorts of
European ancestry (n ¼ 567,460), largely adult population–based
(Table 1). A small proportion of participants were from cohorts of
CKD patients, diabetes patients, or children (2.5%). The meta-
analysis of the GWASs of BUN included 48 cohorts of European
ancestry (n ¼ 243,031), and the analysis of CKD included 444,971
participants. eGFRcr was calculated using the Chronic Kidney Dis-
ease Epidemiology Collaboration equation18 for adults and the
Schwartz formula54 for participants who were 18 years or younger.
BUN, the secondary kidney function trait, was derived as blood
urea � 2.8 mg/dl.21 The phenotypes used in the GWAS of eGFRcr
and BUN were the natural log–transformed age- and sex-adjusted
residuals of the traits. The basic characteristics of the CKDGen
Consortium studies were summarized as weighted averages across
studies with the sample size as the weight by using summary data
reported in Wuttke et al.21

Summary statistics of BP from the UKB-ICBP collaboration
Summary statistics of BP traits were obtained from the meta-analysis
results from the UKB-ICBP collaboration.32 UKB is a population-
based cohort.55 SBP and DBP were calculated as the mean of 2
automated or manual BP measurements, except for participants with
1 BP measurement (n ¼ 413). The GWASs of SBP and DBP from
UKB included 458,577 participants of European ancestry. The meta-
analysis of the GWASs of SBP and DBP from ICBP included 77
cohorts of European ancestry (n ¼ 299,024).51 In both UKB and
ICBP, the values of SBP and DBP were adjusted for the use of BP-
lowering medications by adding 15 and 10 mm Hg, respec-
tively.22,56 The characteristics of the ICBP studies were summarized
as weighted averages across studies with the sample size as the weight
by using summary data reported in Evangelou et al.22

MR assumptions
Genetic instruments in MR studies rely on 3 assumptions: (i) the
SNP must be associated with the exposure; (ii) the SNP is inde-
pendent of confounders, that is, other factors that can affect the
exposure-outcome relation; and (iii) the SNP must be associated
with the outcome through the exposure only, that is, no direct as-
sociation due to horizontal pleiotropy.48

Selection of genetic instruments more likely to be related to
kidney function
To ensure that the genetic instruments satisfied the first assumption
with respect to kidney function, we selected index SNPs associated
with multiple GFR biomarkers, so that they are more likely to be
related to kidney function, the exposure of interest, rather than GFR
biomarkers. For the primary analysis using eGFRcr, we started with
the index SNPs of the genome-wide significant loci of the meta-
analysis of the GWAS of eGFRcr of European-ancestry participants
from the CKDGen Consortium.21 We first evaluated the association
of index SNPs with potential confounders using the GWAS summary
713
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statistics from UKB for the following traits: prevalent diabetes, body
mass index, triglycerides and high-density lipoprotein cholesterol
levels, smoking, and prevalent coronary heart disease
(Supplementary Table S1).1,57,58 We removed index SNPs, with
genome-wide significant associations (5 � 10�8) with the potential
confounders listed above.1,57,59

Next, we used genetic association information of BUN,21 an
alternative biomarker of kidney function, to select genetic in-
struments that were more likely to reflect kidney function as opposed
to creatinine metabolism. This approach was similar to the approach
in Wuttke et al. for prioritizing genetic loci most likely to be relevant
for kidney function.21 We required eGFRcr index SNPs to be asso-
ciated with BUN at a Bonferroni-corrected significance (P < 0.05
divided by the number of eGFRcr index SNPs) and in the opposite
direction because higher GFR would lead to lower BUN. To ensure
independence among genetic instruments, we applied linkage
disequilibrium clumping60 with a clumping window of 10 MB and
an r2 cutoff of 0.001 (default of the ld_clump function).60 The
matching of the effect allele of each SNP between the summary
statistics of the exposure and those of the outcome was examined
using the harmonise_data function, which removed SNPs that were
palindromic or had possible strand mismatch. Finally, to reduce the
possibility that a genetic instrument might affect the outcome
independently of the exposure, we applied Steiger filtering to ensure
that the association between a genetic instrument and the exposure
was stronger than its association with the outcome.61

To select genetic instruments for BUN, the secondary kidney
function trait, we started with index SNPs from the GWAS of BUN
and followed a similar procedure of selection described above. We
used their association with eGFRcr for screening out those index
SNPs that might be related only to metabolism of BUN but not to
kidney function.

Selection of genetic instruments for BP
For BP traits, we started with index SNPs from genome-wide sig-
nificant loci of SBP or DBP reported by the UKB-ICBP collabora-
tion22 and applied the same steps as described above for eGFRcr,
without the alternative biomarker step. Briefly, we removed index
SNPs that were associated with potential confounders listed above,
removed correlated SNPs using the ld_clump function,60 used the
harmonise_data function to remove SNPs that were palindromic or
had possible strand mismatch between the summary statistics of the
exposure and those of the outcome, and, finally, applied Steiger
filtering.61

Use of the robust method to account for horizontal
pleiotropy
Some methods for MR analysis can be heavily biased in the presence
of a direct association of SNP with the outcome that is not mediated
by the exposure.62 When the direct effects of genetic instruments on
the outcomes and exposures are correlated across different in-
struments because of the presence of unobserved confounders that
may have heritable components, the bias can be severe.33 To reduce
the possibility that the genetic instruments might affect the outcome
independently of the exposure, in addition to the use of Steiger
filtering,61 we chose the weighted mode method, one of the most
robust in the presence of horizontal pleiotropy,33,40 as our primary
MR method. In addition, we performed sensitivity analysis using
alternative methods that may be more powerful under various model
assumptions (see Supplementary Methods). Given our primary
714
analyses estimate the causal effects of eGFRcr on SBP, and vice versa,
the significance level for MR analysis was set at P < 0.025 (¼0.05/2).

Units of estimates of causal effect, variance explained by
genetic instruments, and sensitivity analyses
For continuous exposures and outcomes, we estimated the causal
effects of 1SD difference in exposure levels on the outcome. The SD
of each trait was estimated on the basis of data from population-
based cohorts. The details are given in Supplementary Methods.

Details of the calculation of exposure variance explained by ge-
netic instruments, power analysis, and sensitivity analysis are given
in Supplementary Methods. All analyses were conducted using R (R
Foundation for Statistical Computing, Vienna, Austria, version
3.5.3), and the “TwoSampleMR” package was used for all MR ana-
lyses, except MR analysis using mixture models.

Data sharing
All the summary-level data used are available for download at the
public repositories.
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