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Deciphering the causal relationship between blood pressure and regional white matter 

integrity: a two-sample Mendelian randomization study 

Zhenyao Ye, Chen Mo, Tianzhou Ma, Shuo Chen
Division of Biostatistics and Bioinformatics and Maryland Psychiatric Research Center, School of Medicine, University of Maryland

Introduction

Elevated arterial blood pressure (BP) is a common risk factor for cerebrovascular and cardiovascular diseases [1], but no

causal relationship has been established between BP and white matter (WM) integrity. BP has possibly heterogeneous effects

on different brain regions with specialized functions.

Using data from UK Biobank (UKB), we performed a two-sample Mendelian randomization (MR) analysis to evaluate the

causal effects of BP on regional WM integrity, measured by fractional anisotropy (FA) of diffusion tensor imaging. We

hypothesized that increase in BP caused decline of WM integrity in different brain regions.

Materials and Methods

Blood pressure traits
We analyzed systolic (SBP) and diastolic blood pressure (DBP) for family-unrelated European ancestry from the initial (2006-
2010) assessment visit of UKB. Both SBP and DBP were calculated as the mean of two non-null BP measurements. We 
further excluded individuals who took antihypertensive treatments and performed the same MR analysis when we included 
individuals having taken antihypertensive treatments as a sensitivity analysis. 

White matter integrity data 
We concentrated on the fractional anisotropy (FA) measure derived from diffusion MRI data, a common measure of WM 
integrity for 39 brain regions collected at the imaging (2014+) assessment visit of UKB. We excluded individuals having 
extreme values of total volume of WM hyperintensities.  

Genotype data 
In the UKB cohort, the genotyping was conducted using both Affymetrix UK BiLEVE Axiom (denoted UKBL chip) and UK 
Biobank Axiom® arrays (denoted UKB chip) to capture over 90 million single nucleotide variants (SNVs) of ~500,000 subjects 
[2]. We applied quality control for genotypic data by using PLINK (version 1.9) [3] and based on the following inclusion 
criteria: minor allele frequency (MAF) ≥ 0.01, imputation quality score (INFO) > 0.1, Hardy-Weinberg equilibrium (HWE) 
exact test p-value ≥ 0.001, missing genotype rate (GENO) ≤ 0.05 and missingness per individual (MIND) ≤ 0.2. 

Potential Confounders
We considered the following variables as potential confounders for our two-sample MR analysis as suggested in previous 
studies [4]: sex, age, body mass index (BMI), alcohol consumption and smoking status, fruit and vegetable consumption, and 
sedentary lifestyle. 

Existing large-scale blood pressure GWAS summary data
We collected the existing large-scale GWAS summary data on BP from the meta-analysis of over 750,000 participants of 
European ancestry recruited from a total of 78 different cohorts (mainly from UKB and International Consortium of Blood 
Pressure (ICBP)) [5] to strengthen the IV selection step and validate our causal finding.

Mendelian randomization analyses
The UKB data is split into genetic/outcome and genetic/exposure data and each carefully processed with inclusion and 
exclusion criteria mentioned above. The two-sample MR analysis in UKB cohort was performed on two non-overlapping sets: 
the set for exploring genetic-exposure association (denoted GEset) that includes genotype and BP data but no regional WM 
FA data; and the set for exploring the genetic-outcome association (denoted GOset) that includes genotype, BP and regional 
WM FA data. We also used large-scale meta-analyzed GWAS summary statistics of BP to select IVs and combine with the 
GOset to perform another two-sample MR analysis to validate our findings. 
Instrumental variable (IV) selection and assumption checking

Three standard assumptions for IV selection in MR analysis [6]: 

(i) The IV is associated with the exposure

(ii) The IV is independent of the confounding factors

(iii) The IV is independent of the outcome given the exposure (i.e., the IV does not exert horizontal pleiotropy)

We performed Genome-Wide Association Study (GWAS) analysis of BP traits under an additive genetic model adjusting for sex, 

age, BMI, genotyping chip type (i.e., UKBL/UKB chip) and top 10 principal components (PCs) of population admixture using 

PLINK (version 1.9) [3]. We adopted a conservative cutoff (e.g., GWAS p-value <1×10-6) to select potential IVs and performed 

linkage disequilibrium (LD) clumping with an r2 threshold of 0.5 to remove redundant highly correlated variants. Next, we 

eliminated IVs associated with potential confounders. Lastly, we performed conditional independence tests by regressing each 

FA on IVs given BP to exclude IVs with evidence of horizontal pleiotropy. 

When using the existing meta-analyzed GWAS summary data with large sample size to select IVs, we adopted a more standard 

cutoff (GWAS p-value<5×10-8) and performed LD clumping with an r2 threshold of 0.1 [7]. 

Generalized version of inverse-variance weighted method and other MR methods to evaluate causality

We performed an association analysis of FA in each WM tract with BP traits and restricted our causal analysis only to FA in 

regional WM with significantly negative association with BP. We then used the selected IVs to perform the two-sample MR 

analysis using gen-IVW method. The gen-IVW method generalized the inverse-variance weighted method in MR analysis by 

taking correlations among IVs into account [8]. If a negative causal effect of BP on any WM tract was detected, we further 

performed MR analyses using other robust MR methods such as outlier-robust method (e.g., MR-PRESSO [9]) and consensus 

method (e.g., weighted-median approach [10]) for consistent findings. A leave-one-out approach (LOOA) [11] (i.e., leave one IV 

out at a time and rerun gen-IVW) was also performed as a sensitivity analysis. 

Two additional two-sample MR analyses for reverse causality 

We preformed two additional two-sample MR analyses (i.e., MR reverse I and II) treating FA as the exposure and BP as the 

outcome. Due to the high correlation among human WM tracts treated as multiple exposures, we first estimated a general 

factor of FA (gFA) using factor analysis [12]. Then, we performed GWAS analysis on gFA adjusting for age, gender, BMI, 

genotyping chip type (i.e., UKBL/UKB chip) and top 10 PCs of population admixture by using PLINK (version 1.9) [3]. 

In MR reverse I, we selected IVs according to IV assumptions (i)-(iii) with the switched exposure and outcome. In MR reverse 

II, we selected IVs that had significant association with both BP and gFA. Our MR reverse II was beyond the scope of 

bidirectional two-sample MR analysis, adding stronger evidence of whether the reverse causality existed. 

For both association and MR analyses, we controlled false discovery rate (FDR) at 5% to adjust for multiplicity using the 

Benjamini-Hochberg procedure [13].
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Figure 1. Flow chart showing the number of subjects included at each step of the analysis.

Results

We identified 37 and 36 WM tracts significantly negatively associated with SBP and DBP (FDR adjusted p <0.05), 
respectively, from the association analysis. We further restricted to these tracts for our MR analysis, which identified 
significantly negative causal effects of BP on 21 and 18 WM tracts for SBP and DBP (FDR adjusted p <0.05), respectively.

Figure 2 displays their standardized causal effect estimations from gen-IVW using IVs selected from UKB alone or 
existing meta-analyzed GWAS summary data. Higher BP caused a reduction in FA values of multiple WM tracts and such 
negative causal effects were consistent for both SBP and DBP, using IVs selected from UKB GWAS or existing meta-
analyzed GWAS. 

We then applied alternative MR methods including MR-PRESSO and weighted-median approach and identified 13 and 
14 WM tracts with consistently negative causal effects in all methods for SBP and DBP, respectively, in Figure 3(A). 

Figure 3(B) shows the location of a union set of 17 WM tracts adversely impacted by SBP or DBP in the brain. The color 
represents -In(p-value) generated from a meta-analysis of gen-IVW results from two BP traits and IVs selected from two 
GWAS results using adaptive-weighted Fisher’s method [] accounting for the possible heterogeneity across different BP 
traits and cohorts. This includes bilateral PTR, bilateral SFO, bilateral ALIC, bilateral RLIC, bilateral SS, bilateral EX, BCC,
GCC, FX/ST-L, PCR-L and SCR-R. These brain regions are mainly related to the aspects of cognitive function, motor 
ability and memory. Bilateral PTR and SFO were among the brain regions most adversely impacted by elevation of both 
BP traits (with most significant p-values), while bilateral EX was more sensitive to the change in SBP compared to that 
in DBP. 

We also performed two additional two-sample MR analyses by switching exposure and outcome. The results of these 
two additional MR analyses ruled out the reverse causality of gFA and BP, posing strong supports to our hypothesized 
causal pathway of BP on regional WM integrity. 

Final Remarks

•We used generalized inverse variance weighted method and other MR methods to evaluate the causal effects of BP on 
regional WM integrity measured by the fractional anisotropy of diffusion tensor imaging. 
•Elevated BP was found to lead to the decline in WM integrity in 17 different brain regions related to cognitive function and 
memory, revealing that brain has differential vulnerability of WM deterioration to BP.

•We identified specific WM tracts highly sensitive to changes in particular BP trait (e.g., bilateral EX more sensitive to SBP, 
and bilateral ALIC, RLIC-R and PCR-L more sensitive to DBP), which are worth of further explorations. 
•The possible reverse causality was also carefully evaluated and eliminated to disentangle the causality link between BP and 
WM. 

Figure 2. Forest plot to display the standardized causal effect estimations of BP on WM FA tracts (21 and 18 with FDR adjusted p<0.05 

for SBP (left) and DBP (right), respectively) using gen-IVW method and IVs selected from UKB GWAS alone (blue) or existing meta-

analyzed GWAS summary (orange). Y-axis refers to regional WM FA measures. The dots indicate the mean standardized causal effect 

estimates. The 95% confidence interval (CI) were shown as bands. 

Figure 3. (A). The number of WM tracts identified for SBP and DBP at each step of analysis and a Venn Diagram showing the 

union set of 17 regional WM FA measures adversely impacted by SBP or DBP.  (B). Location of the union set of 17 WM tracts in 

the brain. The color represents -In(p-value) generated from a meta-analysis of gen-IVW results from two BP traits and IVs 

selected from two GWAS results using adaptive-weighted Fisher’s method. 
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