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Abstract
Background: The relationship between IgG N-glycosylation, type 2 diabetes (T2D) and hypertension is not
well understood.

Methods: A genome-wide association study (GWAS) of IgG N-glycosylation traits from 536 individuals
was performed and 1203 IgG N-glycan quantitative trait loci (IgG N-glycan-QTL) variants targeting 24 IgG
N-glycosylation were mapped traits after multi-testing correction. Network with bidirectional mendelian
randomization (MR) analysis was performed to examine the causal association between IgG N-
glycosylation, T2D and hypertension.

Results: By linking IgG N-glycan-QTL variants with GWAS results for T2D and hypertension, 19 putatively
causal IgG N-glycans for T2D and 21 putatively causal IgG N-glycans for hypertension were identi�ed.
IgG N-glycan-QTL determined IgG N-glycosylation to higher T2D was associated with higher hypertension
risk (β [95% CI] =1.234 [0.939-1.529], P <0.001). In addition, IgG N-glycan-QTL determined IgG N-
glycosylation to higher hypertension was associated with higher T2D risk (β [95% CI] =0.753 [0.140-
1.3669], P =0.016). No evidence of pleiotropic bias was detected in MR-Egger analysis.

Conclusions: Overall, our study showed that IgG N-Glycosylation-QTLs determined T2D is associated with
higher hypertension risk, and vice versa, performing bidirectional regulation through IgG N-Glycosylation.

Background
Type 2 diabetes (T2D) and hypertension, which are the 2 leading components of the global burden of
disease, commonly coexist[1-4]. The coexistence of T2D and hypertension confers a dramatically
increased the risk of cardiovascular disease, stroke, and even death, compared with the normotensive and
nondiabetic adults[5, 6]. Increasing evidence suggests epidemiological links between T2D and
hypertension[4, 5, 7, 8]. Therefore, understanding the pathological and bidirectional links between T2D
and hypertension is of signi�cant public health importance about disease prevention and management
of complications.

Glycosylation, which is an important and common post-transcriptional modi�cation, is involved in many
biologic processes and disease susceptibility[9, 10]. IgG is the main component of antibody and plays an
important role in non-speci�c immune response. Alternative N-glycosylation markedly affects IgG
structure and function and by extension, immune responses, thus acting as a switch between pro- and
anti-in�ammatory IgG functionality[11, 12]. IgG N-glycosylation has been shown to play an important role
in the development of hypertension and T2D[13-15]. However, the relationship between IgG N-
glycosylation, T2D and hypertension is not well understood.

Mendelian randomization (MR) analysis, a form of instrumental variable (IV) analysis that leverages the
random assortment of genetic variants during gamete formation and, therefore, minimizes the in�uence
of confounding and reverse causation, has been popularly used in estimating causal inference between
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exposures and outcomes[16-18].  However, the current MR often faces the bias of weak IVs due to genetic
variation can only explain a small fraction of the exposure variance[19]. Recent studies have incorporated
data on genetic variants associated with gene expression (expression quantitative trait loci [eQTL]) into
results from GWASs of complex traits to help increase the power of GWAS in identifying loci associated
with complex traits[20, 21]. In addition, the method incorporating QTL information into GWAS analyses
improves the explanation of complex traits variance by quantitative trait, indicating that QTL variants
provides excellent IVs for exposure in MR analysis. This direction of inquiry can be extended to other ‘‘-
omic’’ data types to gain further insights into the mechanistic pathway between genetic variant and
causally associated trait[22, 23]. A recent study showed that variants involved in the regulation of
glycoenzymes play an important role in IgG N-glycosylation[24], thus we hypothesized that identifying
IgG N-glycosylation quantitative trait loci (IgG N-glycan-QTLs) variants and linking them to disease-
associated genetic variants from GWAS might pinpoint molecular mechanisms underlying genetic
susceptibility to human diseases that are due, at least in part, to altered IgG N-glycosylation. 

In addition, the network mendelian randomization aims to investigate more complex networks of
relationships between variables, in particular where some of the effect of an exposure on the outcome
may operate through a mediator[25, 26]. Therefore, we performed an analytical framework that integrates
network MR and bidirectional MR to explore whether T2D may act as potential mediators that lie in the
pathway from aberrant IgG N-glycosylation to increased risk of hypertension (i.e., SNP→IgG N-
glycosylation→T2D→hypertension) or the causal IgG N-glycosylation driving hypertension in turn leads
to T2D (i.e., SNP→IgG N-glycosylation→hypertension→T2D). 

Methods

Study participants and study design
In the present study, data were collected from a community-based cohort, cross-sectional study from
Xuanwu Hospital, in Beijing (from September 2009 to September 2012 of the baseline population).
Detailed study design and assessment methods were described in the previous study[13, 27]. Written
informed consent was obtained from each subject at the beginning of the study, and the study has been
approved by the Ethics Committee of the Capital Medical University, Beijing, China. The ethics approval
was given in compliance with the Declaration of Helsinki.

The network MR study included two major components. First, we explored the casual IgG N-glycosylation
for T2D and hypertension and the IgG N-glycosylation-QTLs determined IgG N-glycosylation as
instrument variables (IVs) for T2D and hypertension. In our present study, the network MR exploring the
causal pathway from IgG N-glycosylation to the outcome was proposed to use the IgG N-glycosylation-
QTLs determined IgG N-glycosylation as IVs for the mediator (T2D or hypertension). Second, the
bidirectional association between T2D and hypertension were taken forward for further analyses to better
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understand the relationship between IgG N-glycosylation, T2D and hypertension. As shown in Figure 1,
the framework of the network with bidirectional MR analysis consists of 3 different MR tests that are all
described below (I-III). First, the causal effects of IgG

N-glycosylation-QTLs determined IgG N-glycosylation on T2D and hypertension are analyzed (I). Next, the
causal effects of IgG N-glycosylation-QTLs determined T2D on hypertension is estimated (II). Finally, the
causal effects of IgG N-glycosylation-QTLs determined hypertension on T2D is analyzed (III).

Data collection 
All participants were required to undergo physical examination that included anthropometric and
biochemical measurements, as delineated in previous study. After an overnight fasting, two tubes of
blood (5 mL) were collected in the morning by venipuncture. One sample was taken in vacuum negative
pressure tubes not containing ethylene diamine tetraacetic acid (EDTA) to acquire serum (2 mL), which
was used to detect the blood biochemistry indexes, and the other sample was taken in vacuum negative
pressure tubes containing EDTA. The whole blood was centrifuged at 3000 rpm for 10 min, then the
plasma (3 mL) was separated which was used to measure IgG N-glycosylation and the blood cells (2 mL)
was separated which was used to detect genetic variants. All collected blood samples were processed
within 8 h and stored at − 80°C until further measurement.

Demographic characteristics of participants, including age, gender, and ethnicity, were collected by a
questionnaire. Anthropometric measurements (height, weight) were conducted with the participants
wearing only light indoor clothing and without shoes. Body mass index (BMI) was calculated by the
formula: weight (kg)/height2 (m2). Systolic blood pressure (SBP) and diastolic blood pressure (DBP) were
measured three times on the right arm in a day with a standard mercury sphygmomanometer and
subjects were required to rest at least 5 minutes for each measurement. The participants were then
classi�ed into the hypertension group (mean SBP ≥ 140 mmHg or mean DBP ≥ 90 mmHg) or the normal
blood pressure group (mean SBP < 120 mmHg and mean DBP < 80 mmHg)[3]. The fasting blood glucose
(FBG) concentrations were measured by the glucose oxidase-peroxidase method (Mind Bioengineering
Co. Ltd., Shanghai, China). Diagnosis of T2D was made by physicians according to the 1999 WHO
Criteria (FBG greater than or equal to 7.0 mmol/L)[28].  

Genotyping and genotype imputation
The genotyping procedures were conducted with Illumina Omni Zhonghua chips (Illumina, San Diego, CA,
USA). Quality control was conducted as described previously[15]. Genotypes were imputed from the 1000
Genomes Project panel phase 3 based on East Asian population using Michigan Imputation Server. SNP
with minor allele frequency (MAF) > 0.01 and imputation quality ratio > 0.3 were retained, yielding
7,108,659 imputed SNPs that were used for further IgG N-glycan-QTL mapping. Based on not facing up
with the problem of population strati�cation, we did not correct the principal component.
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IgG N-glycosylation
The IgG N-glycan pro�le analysis was performed by the method of hydrophilic interaction
chromatography-Ultra Performance Liquid Chromatography. The protocol of the method was reported as
described in detail previously[29]. Finally, 24 glycan peaks (GPs, GP1-GP24) were used for further IgG N-
glycan-QTL mapping. The structures of glycans in each peak were reported as described in detail
previously[29]. For controlling the experimental variability, we adopted normalization methods and batch
correction to process the glycan data so that all samples are comparable.

Statistical and bioinformatics analysis
The �rst MR analyses was aimed to evaluate the potential causal relationship IgG N-glycans of T2D and
hypertension. IgG N-glycans-QTLs analysis was performed to select IVs for 24 IgG N-glycans. Brie�y,
linear regression was conducted to test the association between each SNP and IgG N-glycan, with each
IgG N-glycan as the dependent variable of interest and the SNP as the independent variable, adjusted for
age, sex and BMI. In addition, the GWAS analysis of T2D and hypertension were performed adjusting the
effect of same confounders including age, sex and BMI. A relatively conservative Bonferroni correction
was used (i.e., P < 0.05/1,000,000 = 5 × 10−8). Since various IgG N-glycans are highly correlated, and the
mechanism regulating IgG N-glycosylation is not speci�c[30, 31], we have not been ruled out IgG N-
glycan-QTLs overlapped between GPs. However, as many signi�cant IgG N-glycan-QTLs are in high
linkage disequilibrium, we pruned the IgG N-glycan-QTLs at LD r2<0.1. The LD proxies were de�ned using
1000 genomes East Asian samples[32]. MR analysis was undertaken by inverse-variance weighted (IVW)
regression with IgG N-glycan as the exposure, T2D or hypertension as the outcome, and the relevant IgG
N-glycan-QTL variants as the IVs. Then these IgG N-glycan-QTLs corresponding to the casual IgG N-
glycan for T2D or hypertension were as IVs for T2D or hypertension.

For forward MR, we used a conventional inverse-variance weighted (IVW) MR analysis, in which the IgG N-
glycan-QTL SNPs-T2D estimate was regressed on the SNPs-hypertension estimate with the intercept term
set to zero, weighted by the inverse-variance of SNPs-hypertension estimate, and vice versa for reverse
MR. The heterogeneity between SNPs was estimated by Cochran Q statistic. Random-effects IVW model
was used if heterogeneity existed, otherwise �xed-effects IVW model was performed. We also conducted
MR-Egger and weighted median methods of MR analyses to test the robustness of the results. In addition,
the MR-Egger method was used to assess the robustness of estimates to potential violations of the
standard IV assumptions attributing from the directional pleiotropy. To investigate the in�uence of
outlying or pleiotropic genetic variants, we performed a leave-one out analysis, in which 1 SNP was
omitted in turn[33].

Data cleaning and statistical analysis was performed using R version 3.3.3 and PLINK 1.9. P < 0.05 was
considered as suggestive of evidence for a potential association.
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Results
The average age of the 536 participants included was 47.87 years, 31.53% were males (Table S1). There
were 62 (11.57%) and 164 (30.59%) participants with T2D and hypertension, respectively. Of note, 58.06%
of T2D patients had hypertension, while 21.95% of hypertensive participants were T2D. Hypertension was
2.15 times as frequent in patients with diabetes compared with those who did not have diabetes.
Moreover, T2D was 3.14 times as frequent in patients with hypertension compared with those without
hypertension.

IgG N-glycan-QTL analysis was performed to explore association of SNPs and IgG N-glycans. As shown
in Figure 2, we identi�ed 199 IgG N-glycan-QTL SNPs at P < 5 × 10-8 for GP1, 23 for GP2, 11 for GP3, 4 for
GP4, 25 for GP5, 2 for GP6, 104 for GP7, 2 for GP8, 9 for GP9, 75 for GP10, 2 for GP11, 25 for GP12, 72
for GP13, 4 for GP14, 87 for GP15, 31 for GP16, 19 for GP17, 2 for GP19, 75 for GP20, 10 for GP21, 466
for GP22, 3 for GP23, 2 for GP24. There was no SNP at P < 5 × 10-8 associated with T2D and
hypertension (Figure S1-2). Therefore, these IgG N-glycan-QTL SNPs which were selected as candidate
IVs for IgG N-glycans. As many signi�cant IgG N-glycan-QTLs are in high linkage disequilibrium, we
pruned the IgG N-glycan-QTLs at LD r2<0.1 to select. Finally, we considered GP1 (NSNPs = 58), GP2 (NSNPs

= 8), GP3 (NSNPs = 6), GP4 (NSNPs = 4), GP5 (NSNPs = 12), GP6 (NSNPs = 2), GP7 (NSNPs = 5), GP8 (NSNPs =
1), GP9 (NSNPs = 1), GP10 (NSNPs = 4), GP11 (NSNPs = 2), GP12 (NSNPs = 9), GP13 (NSNPs = 5), GP14 (NSNPs

= 3), GP15 (NSNPs = 2), GP16 (NSNPs = 4), GP17 (NSNPs = 5), GP19 (NSNPs = 2), GP20 (NSNPs = 2), GP21
(NSNPs = 3), GP22 (NSNPs = 109), GP23 (NSNPs = 1),and GP24 (NSNPs = 1). The identi�ed IgG N-glycan-
QTLs as IVs for each IgG N-glycan trait were strongly associated with IgG N-glycosylation, and the mean
(±SD) proportions of interindividual variation in IgG N-glycan explained by the single SNP (%) was 5.07 ±
1.04 (Table S2).

As shown in Table S3, MR analysis identi�ed 19 putatively causal IgG N-glycans (GP1-2, GP4-6, GP9-12,
GP14-24) for T2D. While 21 IgG N-glycans including GP1, GP3-9, GP11-24 were found to be putatively
causal for hypertension (Table S4). GP2 and GP10 were found to be only causal for T2D, and GP3, GP7-8,
GP13 were found to be only causal for hypertension. In addition, there was 17 causal IgG N-glycans
overlapped between T2D and hypertension. 

We further performed a bidirectional MR to evaluate the causal associations between T2D and
hypertension. For forward MR analysis, we used the causal IgG N-glycan-QTL SNPs associated with T2D
as IVs (NSNPs = 182). As shown in Table 1, the IgG N-glycan-QTL determined IgG N-glycosylation to higher
T2D was associated with higher hypertension risk (β [95%CI] =0.756 [0.616-0.897], P<0.001) by the
method of IVW. The �ndings were robust different methods. However, MR-Egger regression performed the
evidence of directional pleiotropy for the association (β [intercept] =0.860, P<0.001). Then, we removed
the causal IgG N-glycan-QTL SNPs overlapped between T2D and hypertension, and the IgG N-glycan-QTL
SNPs which were out of the egger regression line. Finally, we considered 6 causal IgG N-glycan-QTL SNPs
as IVs for T2D. The results showed that the IgG N-glycan-QTL determined IgG N-glycosylation to higher
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T2D was associated with higher hypertension risk (β [95%CI] =1.234 [0.939-1.529, P<0.001) by the
method of IVW. The �ndings were robust different methods. In addition, MR-Egger regression indicated no
evidence of directional pleiotropy for the association (β [intercept] =0.321, P=0.277).

Taking these putative associations forward, we evaluated the potential for reverse causal relationships by
performing MR of hypertension against T2D. For reverse MR analysis, we used the casual IgG N-glycan-
QTLs associated with hypertension (NSNPs = 186) as IVs. As shown in Table 2, the IgG N-glycan-QTL
determined IgG N-glycosylation to higher hypertension was associated with higher T2D risk (β [95%CI]
=0.910[0.772-1.049], P<0.001) by the method of IVW. The same �nding was found by the method of
weighted median MR. However, MR-Egger regression performed the evidence of directional pleiotropy for
the association (β [intercept] =0.850, P<0.001). Then, we removed the causal IgG N-glycan-QTL SNPs
overlapped between T2D and hypertension. Finally, we considered 15 causal IgG N-glycan-QTL SNPs as
IVs for hypertension. The results showed that the IgG N-glycan-QTL determined IgG N-glycosylation to
higher hypertension was associated with higher T2D risk (β [95%CI] =0.753 [0.140-1.366], P= 0.016) by
the method of IVW. The same �nding was found by the method of weighted median MR. In addition, MR-
Egger regression performed no evidence of directional pleiotropy for the association (β [intercept] =0.800,
P=0.081). 

Discussion
To our knowledge, this is the �rst study to investigate the causal relationship between IgG N-
glycosylation, T2D and hypertension using a network with bidirectional MR design integrating IgG N-
Glycosylation-QTLs and GWAS data. Our study showed that the IgG N-Glycosylation-QTLs determined
type 2 diabetes was associated with higher hypertension risk (i.e., SNP→IgG N-
glycosylation→T2D→hypertension), and vice versa (i.e., SNP→IgG N-
glycosylation→hypertension→T2D). We highlighted a causal feedback loop between T2D and
hypertension through the regulation of IgG N-Glycosylation.

T2D and hypertension are common comorbidities. The previous bidirectional MR study found T2D may
causally affect hypertension, whereas the relationship from hypertension to T2D is unlikely to be
causal[34]. However, another MR study showed that genetic increase in SBP increased the risk of
T2D[35]. Above all, the evidence for the causal relationship between T2D and hypertension have yielded
inconsistent results. In our bidirectional MR study, bi-directional regulation of T2D and hypertension
seems biologically plausible. A cohort study found that not only does the presence of hypertension
predict future diabetes mellitus, but also the incidence of hypertension increases signi�cantly in the
presence of diabetes mellitus through copredication and time trajectories analysis[36]. In addition, a wide
range of evidence indicated that T2D and hypertension may be a cause and effect[4, 5, 8]. T2D and
hypertension are closely interlinked due to the common risk factors, including obesity, dyslipidemia,
endothelial dysfunction, and atherosclerosis[6, 7, 37]. The shared mechanisms of oxidative stress,
in�ammation, and activation of the immune system also likely contribute to the relationship between T2D
and hypertension[7, 38]. 
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The IgG N-glycosylation, which plays an important role of the molecular mechanism leading to the
promotion of in�ammation[11], has been shown to be associated with T2D and hypertension
susceptibility[13-15]. In the present MR integrating IgG N-glycosylation-QTL and GWAS data, we found the
causal inference of IgG N-glycosylation on T2D and hypertension. The comprehensive IgG N-glycan-QTL
resources provided by our study reveal a new richness of detail regarding genetic effects on IgG N-
glycosylation patterns and characterize the relationship of IgG N-glycosylation with T2D and
hypertension. IgG N-glycosylation provides information that can possibly bridge a GWAS gap regarding
disease-related SNPs. The changes of IgG N-glycosylation increased the risk of T2D and hypertension,
which could further increase the risk of each other. Our �ndings were consistent with observational
epidemiologic studies, which demonstrated associations of IgG N-glycosylation with T2D and
hypertension[13-15], and T2D as a well-known risk factor for hypertension, and vice versa[4, 8, 36, 38].

We didn’t �lter out SNP associated with T2D and hypertension at P < 5 × 10-8. Our method, incorporating
IgG N-glycosylation-QTL information into GWAS analyses, has the potential to increase the power of
GWAS in identifying loci associated with T2D and hypertension, which was in line with other ‘omics’[21,
22]. IgG N-glycans are strongly associated with genetic loci (the proportions of interindividual variation in
IgG N-glycan explained by the single SNP in aggregate was 5.07, indicating that QTL variants provides
excellent IVs for exposure in MR analysis), might explaining additional phenotypic variation in T2D and
hypertension besides genetic variants. Therefore, we explored the casual IgG N-glycosylation for T2D and
hypertension with the IgG N-glycosylation-QTL determined IgG N-glycosylation as IVs for T2D and
hypertension. In this way, we could explore the causal pathway from IgG N-glycosylation to diseases.

Of note, most of the causal IgG N-glycans for T2D and hypertension were overlapped between T2D and
hypertension. Therefore, aside from the bidirectional regulation between T2D and hypertension, we
identi�ed that T2D and hypertension share several common genetic and IgG N-glycosylation
architectures. The casual IgG N-Glycosylation overlapped between T2D and hypertension might be
involved in the bidirectional regulation and underpin these comorbidities. Despite signi�cant advances in
our understanding of the pathogenesis and treatment of hypertension, there continues to be debate
regarding the pharmacologic treatment of hypertension in patients with diabetes mellitus[38, 39].
Therefore, understanding the pathological links between T2D and hypertension is a critical component of
the comprehensive clinical management of disease prevention. Future studies should be focus on the
functional network, proposing mechanisms of the regulation of IgG N-Glycosylation on T2D and
hypertension.

To the best of our knowledge, the biggest challenge is to integrate multi-omics data to explore the
molecular features within the longitudinal landscape not only correlate but causally relate to one another
disease[40, 41]. The network MR is of the attractive advantage of enabling the interrogation of the
potential IgG N-Glycosylation-complex trait to reveal much broader and more complex molecular
networks underlying genetic variant-complex disease associations[25]. In addition, our �ndings provided
evidence that endeavors leveraging IgG N-Glycosylation-QTLs data can help to further characterize the
complex networks of relationships between IgG N-Glycosylation and complex traits.
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limitations
This study has several limitations. The cross-sectional nature of our data limits de�nitive causal
inference. The results from MR analyses utilizing genetically predicted that IgG N-glycosylation, T2D and
hypertension do not prove causation but provide supportive evidence. Although “multi-omics” data and
phenotypic data are measured in the same population to control confounding factors, it limits by the
small sample size. In addition, the present MR analyses conducted in participants of Chinese descent
might limit the generalization of our �ndings in other ancestry groups. Finally, statistical power to detect
potentially causal relationships through our MR studies was limited for some traits, at least for smaller
effects, including some of those observed in our traditional epidemiological analyses.

Conclusion
In summary, the IgG N-Glycosylation-QTLs determined T2D was associated with higher hypertension risk,
and vice versa, performing bidirectional regulation through IgG N-Glycosylation. Evaluation of the genetic
and IgG N-Glycosylation overlap between T2D and hypertension can be bene�cial to understand the
shared biological mechanisms underlying this comorbidity. Future studies are needed to comprehensively
characterize the mechanisms of IgG N-Glycosylation, which is involved in T2D and hypertension.
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Tables
Table 1 Causal association between IgG N-glycan-QTLs determined T2D and hypertension

MR_method Parameter SNP(N) Effect (95%CI) SE P

IVW β 182 0.756(0.616-0.897) 0.072 <0.001

MR_Egger β 182 0.143(0.039-0.247) 0.053 0.007

 β (intercept) 182 0.860(0.740-0.980) 0.061 <0.001

Weighted median β 182 0.778(0.670-0.885) 0.055 <0.001

IVW β 11 1.189(0.707-1.672) 0.246 <0.001

MR_Egger β 11 0.227(-0.020-0.475) 0.126 0.071

 β (intercept) 11 0.948(0.687-1.208) 0.133 <0.001

Weighted median β  11 1.181(0.793-1.569) 0.198 <0.001

IVW β 6 1.234(0.939-1.529) 0.151 <0.001

MR_Egger β 6 0.928(0.385-1.472) 0.277 0.001

 β (intercept) 6 0.321(-0.258-0.900) 0.295 0.277

Weighted median β  6 1.208(0.729-1.687) 0.244 <0.001

Beta is the estimated effect size. 

CI: confidence intervals; IVW, inverse-variance weighted; QTL: quantitative trait loci; MR mendelian randomization; SE, standard error; SNP,

single-nucleotide polymorphism; T2D, type 2 diabetes.

Table 2 Causal association between IgG N-glycan-QTLs determined hypertension and T2D

MR_method Parameter SNP(N) Effect (95%CI) SE P

IVW β 186 0.910(0.772-1.049) 0.071 <0.001

MR_Egger β 186 0.204(-0.115-0.523) .163 0.210

 β (intercept) 186 0.850(0.497-1.202) 0.180 <0.001

Weighted median β 186 1.002(0.864-1.140) 0.070 <0.001

IVW β 15 0.753(0.140-1.366) 0.313 0.016

MR_Egger β 15 -0.018(-1.152-1.115) 0.578 0.975

 β (intercept) 15 0.800(-0.100-1.699) 0.459 0.081

Weighted median β  15 0.961(0.593-1.329) 0.188 <0.001

Beta is the estimated effect size. 
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CI: confidence intervals; IVW, inverse-variance weighted; QTL: quantitative trait loci; MR mendelian randomization; SE, standard error; SNP,

single-nucleotide polymorphism; T2D, type 2 diabetes.

Supplemental Legends

Figure. S1 Manhattan plot illustrating observed GWAS for
T2D
Points represent –log10 P values (y axis) for genetic variants according to their genomic location (x axis).
Effects that survived the multiple-testing threshold in our analysis (P < 5×10-8 - represented by the red
horizontal line) are colored.

GWAS, genome-wide association study; T2D: type 2 diabetes

Figure. S2 Manhattan plot illustrating observed GWAS for
hypertension
Points represent –log10 P values (y axis) for genetic variants according to their genomic location (x axis).
Effects that survived the multiple-testing threshold in our analysis (P < 5×10-8 - represented by the red
horizontal line) are colored.

GWAS, genome-wide association study

Figures
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Figure 1

Network with bidirectional Mendelian randomization analysis framework. The solid lines depict the true
potential causal diagram. The dashed lines represent the parameters that need to be estimated. MR,
mendelian randomization; QTL, quantitative trait loci

Figure 2

Upset plot for the IgG N-glycan-QTLs overlapping between GPs The plot was performed by R package
“UpSetR”. The number of IgG N-glycan-QTLs overlapped between GPs is shown. GPs, glycan peaks; QTL,
quantitative trait loci
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Figure 3

MR plot for associations of T2D variants with risk of hypertension. The red line indicates the estimate of
effect using MR-egger method. Circles indicate marginal IgG N-glycan-QTLs associations with T2D and
risk of hypertension for each variant. Error bars indicate 95% CIs. MR, mendelian randomization; QTL,
quantitative trait loci; T2D: type 2 diabetes
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Figure 4

MR plot for associations of hypertension variants with risk of T2D. The red line indicates the estimate of
effect using MR-egger method. Circles indicate marginal IgG N-glycan-QTLs associations with
hypertension and risk of T2D for each variant. Error bars indicate 95% CIs. MR, mendelian randomization;
QTL, quantitative trait loci; T2D: type 2 diabetes
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