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ABSTRACT
Background: Yogurt is reported to maintain the balance of gut microbiota and prevent disease, but the causal relationship 
remains unclear.
Methods: We selected data from UK Biobank and MiBioGen to perform Mendelian randomization analysis. MR Egger, inverse 
variance weighted, and so forth were employed to assess the causality between yogurt intake, low-fat and full-fat yogurt, and 196 
taxa of gut microbiota. Parallelly, low-fat and full-fat yogurt were integrated to perform multivariable Mendelian randomization. 
Then, we summarized preliminary results according to microbiotic taxonomy.
Results:  Statistics hinted at the implicit associations between yogurt intake and Haemophilus (OR = 2.08), Clostridium 
sensu stricto_1 (OR = 1.84), Peptostreptococcaceae (OR = 1.53), Betaproteobacteria (OR = 0.70), Bilophila (OR = 0.58), and 
Ruminococcaceae UCG-011 (OR = 0.40), along with the associations between low-fat yogurt and Eubacterium ruminantium 
(OR = 2.48), Methanobacteriaceae (OR = 3.06). The findings were causal and consistent, albeit with some false positive rates.
Conclusions:  Yogurt intake suggestively increased the abundance of Haemophilus, Clostridium sensu stricto_1, and 
Peptostreptococcaceae and decreased the abundance of Ruminococcaceae UCG-011, Betaproteobacteria and Bilophila; low-fat 
yogurt suggestively increased the abundance of Eubacterium ruminantium and Methanobacteriaceae.

1 | Introduction

Yogurt, a fermented dairy product, contains higher quality pro-
tein and micronutrients than milk [1]. It provides health benefits 
approximate to probiotic supplements [2] but is more flavorful 
and popular. Thus, yogurt has been widely acknowledged as 
a component of a healthy diet. It is widely recognized that yo-
gurt intake firstly increased Lactobacillus, Bifidobacterium, 
and other beneficial short-chain fatty acid (SCFA)-producing 
microbiota [3]. Also, it remodeled the intestinal environment 
by improving acidity and calcium [1], which promoted positive 
metabolism of blood glucose and blood lipid. In addition, yogurt 
brought in group B vitamins, minerals, and peptides [4] to fulfill 
nutritional need.

Gut microbiota principally includes bacteria, fungi, and archaea, 
which colonize the gastrointestinal tract. The number and ge-
nome of gut microbiota were 10–100 times more than host cells 
[5], and they interacted multilaterally with the intestine and 
other organs to maintain host homeostasis. Studies have proved 
the imbalance of gut microbiota and metabolite could mediate 
the gut–brain axis [6], gut–adipose axis, gut–liver axis [7], and so 
forth, causing various disorders in energy metabolism, immune 
response, and neuropsychiatric function.

Mendelian randomization (MR) is a study method designed to 
verify causal relationships. It selects relevant genetic variations 
as instrument variables (IVs) to substitute for exposures and 
outcomes [8]. It is known that heredity was determined before 
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delivery, so researchers could minimize the effect of confound-
ers and reverse causality in MR, meanwhile obtaining more 
randomness compared with controlled studies. Particularly 
for confounding exposures like lifestyle, MR could provide a 
larger sample size and stronger evidence [9, 10] for a convincing 
conclusion.

In recent years, plenty of clinical and animal research has 
revealed some effects and mechanisms of yogurt consump-
tion. However, there were few randomized studies and no MR 
studies between yogurt and gut microbiota. So, we perform 
this study to evaluate the causality within, attempting to dis-
cover more functions about microbiotic regulation and disease 
prevention.

2 | Materials and Methods

2.1 | Study Design

This study was conducted in accordance with the STROBE-MR 
checklist [11, 12], as Supporting Information 5: Table S1. Based on 
available database resources, we utilized univariate Mendelian 
randomization (UVMR) and multivariable Mendelian random-
ization (MVMR) to assess the causality between yogurt intake 
and gut microbiota (Figure 1). UVMR took three phenotypes, 
including yogurt intake and low-fat and full-fat yogurt, as re-
spective exposures to estimate their causality with 196 definite 
taxa of gut microbiota. Subsequently, MVMR was performed 
to exclude potential confounders like production environment, 
consumer population, and food additions, further investigating 
independent effects of nutrient composition (low-fat/full-fat) on 
the outcome. Aforementioned results were clustered according 
to List of Prokaryotic names with Standing in Nomenclature 
(LPSN) [13] to conclude causal effects of yogurt intake on taxon-
omies of gut microbiota.

2.2 | Data Sources and Instrumental Selection

We accessed three datasets related to yogurt from the Medical 
Research Council Integrative Epidemiology Unit (MRC-IEU) 
consortium [8, 14] and 211 related to gut microbiota from the 
MiBioGen consortium [15–17] as Table 1. The yogurt intake 
and low-fat/full-fat yogurt diet summaries were from the UK 
Biobank online 24-h dietary recall questionnaire. Yogurt in-
take contained how many pots (half, 1, 2, 3, or more) of yogurt 
(plain or flavored) were had per day by 97,434 yogurt consum-
ers, as well as their single-nucleotide polymorphism (SNP) re-
sults. Further, the yogurt type (low-fat or full-fat) consumed 
by a large subset of the cohort (89,376 of 97,434) composed 
the low-fat/full-fat yogurt data summaries. Then, MRC-IEU 
genome-wide association study (GWAS) pipeline curated and 
outputted three exposure GWAS datasets. The results con-
tained 64,949 individuals with European ancestry, including 
15,300 cases and 49,649 controls in low-fat yogurt, as well as 
3391 cases and 61,558 controls in full-fat yogurt. The gut mi-
crobiota abundance datasets were obtained from a large-scale 
meta-analysis of human genome–microbiome association con-
ducted by MiBioGen [18]. Through 16 s rRNA sequencing and 
quantitative microbiome trait loci (mbQTL) mapping, this co-
hort linked fecal microbiotic abundance to host genome-wide 
genotypes. Based on mass published research [7,  19–21], we 
selected 14,306 European individuals to calculate mbQTL p 
of all 211 gut microbiota taxa as IVs of outcomes. Except for 
15 unknown species, 196 taxa were identified relating to host 
genetic variance. The results included nine phyla, 16 classes, 
20 orders, 32 families, and 119 genera.

Balancing the sample size and statistical power, IVs were se-
lected by following procedures: (1) SNPs which fitted statistical 
significance threshold 

(

p<10−5
)

  were selected as preliminary 
IVs of yogurt intake. (2) Weak instrument bias of SNPs in UVMR 
was eliminated through calculating F  statistic by formula:
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FIGURE 1   |   Study design of UVMR and MVMR. We employed yogurt intake, low-fat and full-fat yogurt as univariate exposures, low-fat and 
full-fat yogurt as multivariable exposures, and 196 definite taxa of gut microbiota as outcomes. Through statistical tests and sensitive analysis, we 
assessed the causal association between exposures and outcomes.
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in which N  represents sample size and

representing the proportion of variance in the exposure ex-
plained by the genetic variants [22]. Only SNPs with F > 10  
were retained. (3) SNPs were clumped by MRC-IEU online 
linkage disequilibrium (LD) reference panel [8], which con-
tained 1000 European genomes data, to ensure the IVs' inde-
pendence to exposures. Applying a threshold of LD R2 < 0.001 , 
we retained only the SNP with lowest p  within 10,000 kb dis-
tance. (4) SNPs which could potentially affect outcomes via 
nonyogurt traits or diseases were excluded. They were con-
firmed by querying each in PhenoScanner [23,  24] at the 
threshold (p < 5 × 10−8). (5) Proxy SNPs were adopted by LD 
R − square > 0.8 when the originals were not available in the 
outcomes.

2.3 | Statistical Analysis

A variety of approaches were employed to evaluate the signif-
icance and sensitivity of the causality between yogurt intake 
and gut microbiota. In UVMR, significance p was calculated 

by MR Egger, weighted median, inverse variance weighted 
(IVW), weighted mode, and simple mode for multiple IVs. 
Final results were determined by specific method under differ-
ent circumstances. For instance, we applied IVW when neither 
heterogeneity nor horizontal pleiotropy existed. Multiplicative 
random-effect inverse variance weighted (IVW-MRE) was em-
ployed when only heterogeneity existed. MR Egger was applied 
when horizontal pleiotropy existed, since its intercept term 
represented the pleiotropy. Only results with p < 0.05 in appro-
priate method and concordant � across multiple methods were 
retained. As for single IV results, we could only apply Wald ratio 
method. In MVMR, we utilized IVW MVMR model (MV-IVW) 
to estimate the direct effect of each exposure. Finally, all results 
were subjected to Benjamini–Hochberg (BH) [25] false discov-
ery rate (FDR) correction, adopting an adjusted significance 
threshold of p < 0.05.

Heterogeneity statistics and horizontal pleiotropy were per-
formed in UVMR. We set Cochran's Q  statistics thresh-
old (p < 0.05 ) to confirm the heterogeneity between IVs. 
Additionally, “leave-one-out” analysis was taken to detect the 
heterogeneous IVs. As for horizontal pleiotropy, the intercept 
term in MR Egger regression aforementioned could be a helpful 
indicator. Its deviation from zero at the threshold (p < 0.05 ) in-
dicated the presence of pleiotropic bias. About MVMR, we cal-
culated F  statistic to eliminate weak instrument by F > 10 , as 
follows [22]:

F =(N −2)×
R2

(

1−R2
) ,

R2=2×beta2×MAF×(1−MAF),

TABLE 1   |   Data sources. Three GWAS datasets about yogurt intake, low-fat, and full-fat yogurt from UK Biobank were selected as exposures. 211 
datasets (including 15 unknown taxon) about gut microbiota abundance from MiBioGen consortium were selected as outcomes.

GWAS ID Traits Sample size Ancestry Author Year Consortium PMID

Exposure

  ukb-b-7753 Yogurt intake 64949 European Ben Elsworth 2018 MRC-IEU NA

  ukb-b-12936 Type of yogurt 
eaten: low-fat 

yogurt consumers

15300/49649

  ukb-b-8659 Type of yogurt 
eaten: full-fat 

yogurt consumers

3391/61558

Outcome (4/211)

  ebi-a-GCST 
90016908

Gut microbiota 
abundance (class 
Actinobacteria 

id.419)

14306 European Kurilshikov A 2021 MiBioGen 33462485

  ebi-a-GCST 
90016909

Gut microbiota 
abundance (class 

Alphaproteobacteria 
id.2379)

  ebi-a-GCST 
90016910

Gut microbiota 
abundance (class 

Bacilli id.1673)

  ebi-a-GCST 
90017118

Gut microbiota 
abundance (phylum 

Verrucomicrobia 
id.3982)
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FIGURE 2   |   LEGEND ON NEXT PAGE.
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in which k represents the number of IVs and other variates 
are mentioned before. Besides, a modified form of Cochran's 
Q statistic was also applied to evaluate horizontal pleiotropy in 
MVMR. After the aforementioned tests, we employed Steiger di-
rectionality test [26] to ensure causal direction (p < 0.05) in both 
UVMR and MVMR.

In the last stage, we summarized above statistical results ac-
cording to LPSN [13]. Only the most subordinate taxon was 
kept as representative to unveil yogurt causal effects on spe-
cific genera. Then, the superordinate taxa were taken to por-
tray a clustering tree, visualizing yogurt effect in phylogenetic 
relationship.

3 | Results

3.1 | IV Selection

We obtained 13 SNPs for UVMR and 16 for MVMR as 
Supporting Information 6: Table S2 and Supporting Information 
7: Table S3, following the IVs’ selecting procedures. Due to re-
stricted sample size in UVMR, only IVs of yogurt intake asso-
ciated strongly enough with exposure. The SNP rs149870452 
relating to cause of death: dilated cardiomyopathy (OR = 0.91 , 
95% CI: 0.87–0.94, p = 1.3 × 10−6 ) was eliminated. In MVMR, 
we excluded rs2517506 relating to multiple immunocyte counts 
[27] and autoimmune diseases [28, 29], rs317656 relating to mul-
tiple immunocyte percentages, rs6888979 relating to height and 
rs9604488 relating to red cell distribution width [27].

3.2 | UVMR

After eliminating biases of heterogeneity (Figure 2, Supporting 
Information 1: Figure S1, and Supporting Information 8: Table 

S4), horizontal pleiotropy (Figure 3 and Supporting Information 
2: Figure S2), outlier (Supporting Information 3: Figure S3 and 
Supporting Information 4: Figure S4), weak instrument and 
causal direction (Supporting Information 8: Table S4), fam-
ily Peptococcaceae with both heterogeneity (Q_pval = 0.025 , 
IVW method) and horizontal pleiotropy (p = 0.024 ) were ex-
cluded. There were 12 taxa of gut microbiota causally related 
to yogurt intake, as Supporting Information 9: Table S5. Then, 
we summarized one class, one family, and four specific gen-
era by LPSN taxonomy, as shown in Figure 4 and Table 2. In 
IVW method, the statistics of related microbiota were approx-
imate. There were four typical taxa with significant difference 
in both IVW and weighted median method. They were genus 
Haemophilus (OR = 2.08 , 95% CI: 1.27–3.41, p = 3.50 × 10−3 ), 
representing family Pasteurellaceae and order Pasteurellales; 
genus Clostridium sensu stricto_1 (OR = 1.84 , 95% CI: 1.26–2.69, 
p = 1.68 × 10−3 ), representing family Clostridiaceae_1; fam-
ily Peptostreptococcaceae (OR = 1.53 , 95% CI: 1.07–2.19, 
p = 0.02 ); and genus Ruminococcaceae UCG-011 (OR = 0.40 , 
95% CI: 0.19–0.87, p = 0.02 ). Besides, class Betaproteobacteria 
(OR = 0.70 , 95% CI: 0.50–0.99, p = 4.61 × 10−2 ) and genus 
Bilophila (OR = 0.58 , 95% CI: 0.39–0.86, p = 7.41 × 10−3 ) were 
significant in IVW method, while the latter representing fam-
ily Desulfovibrionaceae, order Desulfovibrionales, and class 
Deltaproteobacteria.

3.3 | MVMR

All the results relating to full-fat yogurt were excluded due to 
the weak instrument strength (F < 10 , Supporting Information 
8: Table S4). We summarized two results in low-fat yogurt 
as Figure 4 and Table 2, genus Eubacterium ruminantium 
(OR = 2.48 , 95% CI: 1.72–3.56, p = 4.76 × 10−4 ) and family 
Methanobacteriaceae (OR = 3.06 , 95% CI: 1.19–7.89, p = 0.04 ), 
while the latter representing order Methanobacteriales, class 
Methanobacteria, and phylum Methanobacteriota.

F =(N −k−1)∕k×R2∕
(

1−R2
)

,
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FIGURE 2   |   Leave-one-out analysis of summarized microbiota in UVMR. Calculating without each SNP successively, the overall results were 
consistent and indicated no heterogeneity. (a) Genus Haemophilus, (b) genus Clostridium sensu stricto_1, (c) family Peptostreptococcaceae, (d) class 
Betaproteobacteria, (e) genus Bilophila, and (f) genus Ruminococcaceae UCG-011.
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3.4 | Phylogenetic Rree

According to MR results, we clustered a phylogenetic tree 
(Figure 5) to reveal yogurt causal effects on taxonomy. The prin-
cipal alterations occurred in order Eubacteriales, whose abun-
dance were mostly increased. Alterations also occurred in three 
classes of phylum Pseudomonadota, but we could not find con-
sistent trends among them.

4 | Discussion

4.1 | Limitation

There were still several limitations in our study. Due to limited 
sample size (64,949), applying standard threshold (p < 5 × 10−8 ) 
would lead to no available IVs. Thus, we deliberately employed 
a more lenient threshold (p < 10−5 ) to obtain sufficient IVs, at 
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FIGURE 3   |   Scatter plot of summarized microbiota in UVMR. The tendencies were consistent in all five regression methods, represented by dif-
ferent color of lines. (a) Genus Haemophilus, (b) genus Clostridium sensu stricto_1, (c) family Peptostreptococcaceae, (d) class Betaproteobacteria, (e) 
genus Bilophila, and (f) genus Ruminococcaceae UCG-011.
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the cost of introducing weak instrument bias and less statis-
tical power. As a compensatory measure, F  statistic of each 
result was tested. Furthermore, restricted sample size and 
closely related gut microbiota inevitably reduced the signifi-
cance of our findings, which led to zero significant result even 
following lenient BH FDR correction (Supporting Information 
8: Table S4). However, we noted that original results were con-
sistent on not only taxonomy as Figure 5, but also published 

studies mentioned later. Thus, we retained these findings with 
OR and 95% CI to better assess the magnitude and precision. 
Additionally, we could not make conclusion in other ethnic 
populations since the European data source. All those lim-
itations restricted our study to exploratory rather than defini-
tive conclusions. We would continue seeking appropriate data 
sources and research methods to further study the biomedical 
value of yogurt.
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FIGURE 3   |   (CONTINUED)
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4.2 | Perspective

Our MR study demonstrated yogurt intake was causally associ-
ated with increasing abundance of genus Haemophilus, genus 
Clostridium sensu stricto_1, and family Peptostreptococcaceae 
and decreasing abundance of class Betaproteobacteria, genus 
Bilophila, and genus Ruminococcaceae UCG-011. Furthermore, 
we found the causal association between low-fat yogurt and 
increasing abundance of genus Eubacterium ruminantium 
and family Methanobacteriaceae. These alterations were sim-
ilar to several studies about probiotic, prebiotic, and synbiotic 
treatment [2,  30,  31], specifically in modulating Eubacterium, 
Clostridiales, Eubacterium ruminantium, and Ruminococcaceae 
UCG-011. Relevant studies have revealed that yogurt medi-
ated gut microbiota by its probiotic colonies and metabolites. 
Lactobacillus, Bifidobacterium, and other probiotics contained 
in yogurt could not only colonize into the gut flora [32], but also 
change the intestinal environment through bacterial metabo-
lism. Simultaneously, yogurt intake increased the abundance of 
group B vitamins, peptides, and minerals to strengthen the ben-
eficial remodeling for intestinal environment [1, 4, 33].

Recent research has also associated these microbiotic alterations 
to numerous diseases. They assumed the SCFAs [3] and branched 
chain hydroxy acids [33] as metabolic mediators to benefit en-
ergy metabolism. Decrease in Haemophilus correlated to Type 2 
diabetes [34] including pregestational diabetes [35], while the in-
crease linked with athlete [3] and high skeletal muscle mass [36] 
instead. Decrease in Peptostreptococcaceae correlated to Type 2 
diabetes [37]. Decrease in Betaproteobacteria linked with subcu-
taneous and visceral adipose tissue production [7]. Increase in 
BiIophiIa correlated to Type 2 diabetes [38] and child obesity [39]. 
Further research indicated that remodeled intestinal environ-
ment produced interleukin [40], proinflammatory cytokine [41], 
and sIgA [31] as immunological mediators, driving downstream 
TNF, TGF-β [40], and so forth, pathways to regulate inflam-
mation and immunologic disorder. Decrease in Haemophilus 
correlated to inflammatory bowel disease [34]. Decrease in 
Clostridium sensu stricto_1 correlated to upper urinary urolithia-
sis [19]. Decrease in Peptostreptococcaceae correlated to primary 
biliary cholangitis [20], myasthenia gravis [42] and non-small-
cell lung cancer [43]. Increase in Ruminococcaceae UCG-011 
correlated to age-related macular degeneration [21]. Decrease in 

Outcome
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OR (95% CI) P. value
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5e-04
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FIGURE 4   |   Forest plot of summarized microbiota in UVMR and MVMR. OR, 95% CI, and p  were calculated by IVW method. As shown, yo-
gurt intake increased the abundance of Haemophilus, Clostridium sensu stricto_1, and Peptostreptococcaceae and decreased the abundance of 
Betaproteobacteria, Bilophila, and Ruminococcaceae UCG-011. Low-fat yogurt increased the abundance of Methanobacteriaceae and Eubacterium 
ruminantium.

TABLE 2   |   Summarized microbiota in UVMR and MVMR. � , se, andp were calculated by IVW method.

Exposure Outcome nSNP Method � se p

Yogurt intake Haemophilus 6 IVW 0.73 0.25 3.50 × 10−3

Clostridium sensu stricto_1 7 0.61 0.19 1.68 × 10−3

Peptostreptococcaceae 7 0.42 0.18 0.02

Betaproteobacteria 7 −0.35 0.18 4.61 × 10−2

Bilophila 7 −0.54 0.20 7.41 × 10−3

Ruminococcaceae UCG-011 6 −0.91 0.39 0.02

Low-fat yogurt Methanobacteriaceae 16 MV-IVW 1.12 0.48 0.04

Eubacterium ruminantium 0.91 0.18 4.76 × 10−3
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Methanobacteriaceae correlated to knee osteoarthritis [44] and 
irritable bowel syndrome [45]. Decrease in Eubacterium rumi-
nantium correlated to appendicitis [46].

The immunological mediators also regulated neuropsychi-
atric disorders via gut–brain axis potentially. Decrease in 
Haemophilus correlated to Parkinson's disease [6]. Decrease 
in Clostridium sensu stricto_1 correlated to autism spectrum 
disorder [47]. Decrease in Peptostreptococcaceae correlated 
to attention deficit hyperactivity disorder [48]. Increase in 
Betaproteobacteria correlated to epilepsy [49], bipolar disor-
der [50], and narcolepsy Type 1 [51]. Increase in BiIophiIa cor-
related to cognition impairment [52] and Parkinson's disease 
[6]. Special attention needed to be paid to yogurt intake during 
infancy. The microbiotic alterations were partly contrary to 
breastfeeding [53,  54] and positively correlated to atopic der-
matitis [55].

5 | Conclusions

Yogurt intake suggestively increased the abundance 
of Haemophilus, Clostridium sensu stricto_1, and 
Peptostreptococcaceae, while decreased the abundance of 
Ruminococcaceae UCG-011, Betaproteobacteria and Bilophila. 
Low-fat yogurt suggestively increased the abundance of 
Eubacterium ruminantium and Methanobacteriaceae. The 
findings were causal and consistent, although they did not 
survive FDR correction.

Author Contributions

Jiazeng Xia: conceptualization, funding acquisition, and supervision; 
Mengqi Yang: software, visualization, and writing—original draft; 
Liping Wang: resources and methodology; Peng Zhou: writing—review 
and editing.

Bilo
phila Desulfo

vibrion
aceae

Desulfo
vibrion

ales δ
proteo

bacteria

β
proteo

bacteria

γ
proteo

bacteriaPaste
urell
ales

Methano
bacteri
aceae

OR>1

Methano
bacteria

Peptostre
ptococc
aceae

Clostri
dium

Clostridi
aceae

Clostridia
Euba
cteri
ales

Eubacteri
aceae

Eubac
terium

Oscil
lospir
aceae

Rumino
coccus

Methano
bacteri

ales

Haemo
philus

Paste
urell
aceae

OR<1

Yourt intake

Low-fat yogurt

FIGURE 5   |   Phylogenetic tree of summarized microbiota. Rings from center to edge successively indicated class, order, family and genus of gut 
microbiota. Inner colors (red/blue) represented abundance variation (increase/decrease), and outer colors (yellow/green) represented exposure type 
(yogurt/low-fat yogurt). Overall, yogurt intake mostly affected abundance of phylum Pseudomonadota and order Eubacteriales.



10 of 12 International Journal of Genomics, 2026

Acknowledgments

The authors appreciate participants and investigators in UK Biobank, 
MiBioGen, and MRC-IEU for providing public GWAS summary data.

Funding

This work was supported by the Key Project of Scientific Research from 
Jiangsu Commission of Health, ZDB2020026; Wuxi Taihu Lake Talent 
Plan, Team in Medical and Health Profession; and Wuxi Medical Key 
Discipline Construction Project, Medical Development Discipline.

Ethics Statement

No specific ethical approval was required for this study since the sum-
mary-level GWAS data were publicly accessible. Ethical approval for the 
original GWASs can be found in the corresponding GWAS publications 
cited below.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

All GWAS datasets and software in this study are publicly available. 
The summary results of yogurt intake (GWAS ID: ukb-b-7753; UKB ID: 
102090), low-fat (GWAS ID: ukb-b-12936; UKB ID: 20106) and full-fat 
yogurt (GWAS ID: ukb-b-8659; UKB ID: 20106) and gut microbiota abun-
dance (GWAS ID: from ebi-a-GCST90016908 to ebi-a-GCST90017118) 
can be downloaded from IEU OpenGWAS project [8, 14]. All analyses 
in this study were performed by R packages TwoSampleMR (Version 
0.5.7) [8] and MVMR (Version 0.4) [56] in R (Version 4.3.1) [57] and 
RStudio software (Version 6.0.421) [58].

References

1. B. Baspinar, and M. Güldaş, “Traditional Plain Yogurt: A Therapeutic 
Food for Metabolic Syndrome?,” Critical Reviews in Food Science and 
Nutrition 61, no. 18 (2021): 3129–3143, https://doi.org/10.1080/104083
98.2020.1799931.

2. C. S. Kim, L. Cha, M. Sim, et al., “Probiotic Supplementation Improves 
Cognitive Function and Mood With Changes in Gut Microbiota in 
Community-Dwelling Older Adults: A Randomized, Double-Blind, 
Placebo-Controlled, Multicenter Trial,” Journals of Gerontology. Series 
A, Biological Sciences and Medical Sciences 76, no. 1 (2021): 32–40, 
https://doi.org/10.1093/gerona/glaa090.

3. L. G. Jang, G. Choi, S. W. Kim, B. Y. Kim, S. Lee, and H. Park, “The 
Combination of Sport and Sport-Specific Diet is Associated with 
Characteristics of Gut Microbiota: an Observational Study,” Journal of 
the International Society of Sports Nutrition 16, no. 1 (2019): 21, https://
doi.org/10.1186/s12970-019-0290-y.

4. C. Y. Kong, Z. M. Li, Y. Q. Mao, et al., “Probiotic Yogurt Blunts the 
Increase of Blood Pressure in Spontaneously Hypertensive Rats via 
Remodeling of the Gut Microbiota,” Food & Function 12, no. 20 (2021): 
9773–9783, https://doi.org/10.1039/d1fo01836a.

5. A. Góralczyk-Bińkowska, D. Szmajda-Krygier, and E. Kozłowska, 
“The Microbiota–Gut–Brain Axis in Psychiatric Disorders,” 
International Journal of Molecular Sciences 23, no. 19 (2022): 11245, 
https://doi.org/10.3390/ijms231911245.

6. Z. Li, H. Liang, Y. Hu, et al., “Gut Bacterial Profiles in Parkinson’s 
Disease: A Systematic Review,” CNS Neuroscience & Therapeutics 29, 
no. 1 (2023): 140–157, https://doi.org/10.1111/cns.13990.

7. F. Cao, F. Pan, X. Gong, et al., “Causal Relationship Between 
Gut Microbiota With Subcutaneous and Visceral Adipose Tissue: 
A Bidirectional Two-Sample Mendelian Randomization Study,” 

Frontiers in Microbiology 14 (2023): 1285982, https://doi.org/10.3389/
fmicb.2023.1285982.

8. G. Hemani, J. Zheng, B. Elsworth, et al., “The MR-Base Platform 
Supports Systematic Causal Inference Across the Human Phenome,” 
eLife 7 (2018): e34408, https://doi.org/10.7554/eLife.34408.

9. C. J. Ye, L. J. Kong, Y. Y. Wang, et al., “Mendelian Randomization 
Evidence for the Causal Effects of Socio-Economic Inequality on 
Human Longevity Among Europeans,” Nature Human Behaviour 29 
(2023): , https://doi.org/10.1038/s41562-023-01646-1.

10. J. Ho, C. C. H. Mak, V. Sharma, K. To, and W. Khan, “Mendelian 
Randomization Studies of Lifestyle-Related Risk Factors for 
Osteoarthritis: A PRISMA Review and Meta-Analysis,” International 
Journal of Molecular Sciences 23, no. 19 (2022): , https://doi.org/10.3390/
ijms231911906.

11. V. W. Skrivankova, R. C. Richmond, B. A. R. Woolf, et al., 
“Strengthening the Reporting of Observational Studies in Epidemiology 
Using Mendelian Randomization: The STROBE-MR Statement,” 
Journal of the American Medical Association 326, no. 16 (2021): 1614–
1621, https://doi.org/10.1001/jama.2021.18236.

12. V. W. Skrivankova, R. C. Richmond, B. A. R. Woolf, et al., 
“Strengthening the Reporting of Observational Studies in Epidemiology 
Using Mendelian Randomisation (STROBE-MR): Explanation and 
Elaboration,” BMJ 375 (2021): n2233, https://doi.org/10.1136/bmj.
n2233.

13. A. C. Parte, J. Sardà Carbasse, J. P. Meier-Kolthoff, L. C. Reimer, and 
M. Göker, “List of Prokaryotic Names With Standing in Nomenclature 
(LPSN) Moves to the DSMZ,” International Journal of Systematic and 
Evolutionary Microbiology 70, no. 11 (2020): 5607–5612, https://doi.
org/10.1099/ijsem.0.004332.

14. B. Elsworth, M. Lyon, T. Alexander, et al., “The MRC IEU 
OpenGWAS Data Infrastructure,” openRxiv (2020): , https://doi.
org/10.1101/2020.08.10.244293.

15. M. A. Swertz, and R. C. Jansen, “Beyond Standardization: Dynamic 
Software Infrastructures for Systems Biology,” Nature Reviews. Genetics 
8, no. 3 (2007): 235–243, https://doi.org/10.1038/nrg2048.

16. K. J. van der Velde, F. Imhann, B. Charbon, et al., “MOLGENIS 
Research: Advanced Bioinformatics Data Software for Non-
Bioinformaticians,” Bioinformatics 35, no. 6 (2019): 1076–1078, https://
doi.org/10.1093/bioinformatics/bty742.

17. M. A. Swertz, M. Dijkstra, T. Adamusiak, et al., “The MOLGENIS 
Toolkit: Rapid Prototyping of Biosoftware at the Push of a Button,” 
BMC Bioinformatics 11, no. S12 (2010): Supplement 12, https://doi.
org/10.1186/1471-2105-11-S12-S12.

18. A. Kurilshikov, C. Medina-Gomez, R. Bacigalupe, et al., “Large-
Scale Association Analyses Identify Host Factors Influencing Human 
Gut Microbiome Composition,” Nature Genetics 53, no. 2 (2021): 156–
165, https://doi.org/10.1038/s41588-020-00763-1.

19. R. Zhang, W. Zhao, R. Zhao, Y. Zhao, Y. Zhang, and X. Liang, 
“Causal Relationship in Gut Microbiota and Upper Urinary Urolithiasis 
Using Mendelian Randomization,” Frontiers in Microbiology 14 (2023): 
1170793, https://doi.org/10.3389/fmicb.2023.1170793.

20. J. Zhang, G. Wu, Y. Tang, et al., “Causal Associations Between 
Gut Microbiota and Primary Biliary Cholangitis: A Bidirectional Two-
Sample Mendelian Randomization Study,” Frontiers in Microbiology 14 
(2023): 1273024, https://doi.org/10.3389/fmicb.2023.1273024.

21. D. Mao, B. Tao, S. Sheng, et al., “Causal Effects of Gut Microbiota 
on Age-Related Macular Degeneration: A Mendelian Randomization 
Study,” Investigative Ophthalmology & Visual Science 64, no. 12 (2023): 
1273024, https://doi.org/10.1167/iovs.64.12.32.

22. M. Little, “Mendelian Randomization: Methods for Using Genetic 
Variants in Causal Estimation,” Journal of the Royal Statistical Society 

https://doi.org/10.1080/10408398.2020.1799931
https://doi.org/10.1080/10408398.2020.1799931
https://doi.org/10.1093/gerona/glaa090
https://doi.org/10.1186/s12970-019-0290-y
https://doi.org/10.1186/s12970-019-0290-y
https://doi.org/10.1039/d1fo01836a
https://doi.org/10.3390/ijms231911245
https://doi.org/10.1111/cns.13990
https://doi.org/10.3389/fmicb.2023.1285982
https://doi.org/10.3389/fmicb.2023.1285982
https://doi.org/10.7554/eLife.34408
https://doi.org/10.1038/s41562-023-01646-1
https://doi.org/10.3390/ijms231911906
https://doi.org/10.3390/ijms231911906
https://doi.org/10.1001/jama.2021.18236
https://doi.org/10.1136/bmj.n2233
https://doi.org/10.1136/bmj.n2233
https://doi.org/10.1099/ijsem.0.004332
https://doi.org/10.1099/ijsem.0.004332
https://doi.org/10.1101/2020.08.10.244293
https://doi.org/10.1101/2020.08.10.244293
https://doi.org/10.1038/nrg2048
https://doi.org/10.1093/bioinformatics/bty742
https://doi.org/10.1093/bioinformatics/bty742
https://doi.org/10.1186/1471-2105-11-S12-S12
https://doi.org/10.1186/1471-2105-11-S12-S12
https://doi.org/10.1038/s41588-020-00763-1
https://doi.org/10.3389/fmicb.2023.1170793
https://doi.org/10.3389/fmicb.2023.1273024
https://doi.org/10.1167/iovs.64.12.32


11 of 12

Series A: Statistics in Society 181, no. 2 (2018): 549–550, https://doi.
org/10.1111/rssa.12343.

23. J. R. Staley, J. Blackshaw, M. A. Kamat, et al., “PhenoScanner: A 
Database of Human Genotype-Phenotype Associations,” Bioinformatics 
32, no. 20 (2016): 3207–3209, https://doi.org/10.1093/bioinformatics/
btw373.

24. M. A. Kamat, J. A. Blackshaw, R. Young, et al., “PhenoScanner 
V2: An Expanded Tool for Searching Human Genotype-Phenotype 
Associations,” Bioinformatics 35, no. 22 (2019): 4851–4853, https://doi.
org/10.1093/bioinformatics/btz469.

25. W. Haynes, “Benjamini–Hochberg Method,” Encyclopedia 
of Systems Biology (Springer, 2013), 78–78, https://doi.
org/10.1007/978-1-4419-9863-7_1215.

26. G. Hemani, K. Tilling, and G. D. Smith, “Orienting the Causal 
Relationship Between Imprecisely Measured Traits Using GWAS 
Summary Data,” PLOS Genetics 13, no. 11 (2017): e1007081, https://doi.
org/10.1371/journal.pgen.1007081.

27. W. J. Astle, H. Elding, T. Jiang, et al., “The Allelic Landscape of 
Human Blood Cell Trait Variation and Links to Common Complex 
Disease,” Cell 167, no. 5 (2016): 1415–1429.e19, https://doi.org/10.1016/j.
cell.2016.10.042.

28. Y. Okada, D. Wu, G. Trynka, et al., “Genetics of Rheumatoid 
Arthritis Contributes to Biology and Drug Discovery,” Nature 506, no. 
7488 (2014): 376–381, https://doi.org/10.1038/nature12873.

29. S. G. Ji, B. D. Juran, S. Mucha, et al., “Genome-Wide Association 
Study of Primary Sclerosing Cholangitis Identifies New Risk Loci 
and Quantifies the Genetic Relationship With Inflammatory Bowel 
Disease,” Nature Genetics 49, no. 2 (2017): 269–273, https://doi.
org/10.1038/ng.3745.

30. I. N. Sergeev, T. Aljutaily, G. Walton, and E. Huarte, “Effects of 
Synbiotic Supplement on Human Gut Microbiota, Body Composition 
and Weight Loss in Obesity,” Nutrients 12, no. 1 (2020): 222, https://doi.
org/10.3390/nu12010222.

31. X. Li, S. Hu, J. Yin, et al., “Effect of Synbiotic Supplementation on 
Immune Parameters and Gut Microbiota in Healthy Adults: A Double-
Blind Randomized Controlled Trial,” Gut Microbes 15, no. 2 (2023): 
2247025, https://doi.org/10.1080/19490976.2023.2247025.

32. T. Li, Y. Zhang, J. Song, L. Chen, M. Du, and X. Mao, “Yogurt 
Enriched With Inulin Ameliorated Reproductive Functions and 
Regulated Gut Microbiota in Dehydroepiandrosterone-Induced 
Polycystic Ovary Syndrome Mice,” Nutrients 14, no. 2 (2022): 279, 
https://doi.org/10.3390/nu14020279.

33. N. Daniel, R. T. Nachbar, T. T. T. Tran, et al., “Gut Microbiota 
and Fermentation-Derived Branched Chain Hydroxy Acids Mediate 
Health Benefits of Yogurt Consumption in Obese Mice,” Nature 
Communications 13, no. 1 (2022): 1343, https://doi.org/10.1038/
s41467-022-29005-0.

34. G. Letchumanan, N. Abdullah, M. Marlini, et al., “Gut Microbiota 
Composition in Prediabetes and Newly Diagnosed Type 2 Diabetes: 
A Systematic Review of Observational Studies,” Frontiers in Cellular 
and Infection Microbiology 12 (2022): 943427, https://doi.org/10.3389/
fcimb.2022.943427.

35. Y. Ren, L. Hao, J. Liu, et al., “Alterations in the Gut Microbiota 
in Pregnant Women With Pregestational Type 2 Diabetes Mellitus,” 
Msystems 8, no. 2 (2023): e0114622, https://doi.org/10.1128/
msystems.01146-22.

36. C. H. Park, E. J. Lee, H. L. Kim, Y. T. Lee, K. J. Yoon, and H. N. Kim, 
“Sex-Specific Associations Between Gut Microbiota and Skeletal Muscle 
Mass in a Population-Based Study,” Journal of Cachexia, Sarcopenia and 
Muscle 13, no. 6 (2022): 2908–2919, https://doi.org/10.1002/jcsm.13096.

37. Z. Chen, D. Radjabzadeh, L. Chen, et al., “Association of Insulin 
Resistance and Type 2 Diabetes With Gut Microbial Diversity: 

A Microbiome-Wide Analysis From Population Studies,” JAMA 
Network Open 4, no. 7 (2021): e2118811, https://doi.org/10.1001/
jamanetworkopen.2021.18811.

38. G. Gradisteanu Pircalabioru, M. C. Chifiriuc, A. Picu, L. M. Petcu, 
M. Trandafir, and O. Savu, “Snapshot Into the Type-2-Diabetes-
Associated Microbiome of a Romanian Cohort,” International Journal 
of Molecular Sciences 23, no. 23 (2022): 15023, https://doi.org/10.3390/
ijms232315023.

39. Y. C. Orbe-Orihuela, E. E. Godoy-Lozano, A. Lagunas-Martínez, 
et al., “Association of Gut Microbiota With Dietary-Dependent 
Childhood Obesity,” Archives of Medical Research 53, no. 4 (2022): 407–
415, https://doi.org/10.1016/j.arcmed.2022.03.007.

40. X. L. Yan, X. C. Liu, Y. N. Zhang, et al., “Succinate Aggravates 
Intestinal Injury in Mice With Necrotizing Enterocolitis,” Frontiers 
in Cellular and Infection Microbiology 12 (2022): 1064462, https://doi.
org/10.3389/fcimb.2022.1064462.

41. M. M. H. Abdelbary, M. Hatting, A. Bott, et al., “The Oral-Gut Axis: 
Salivary and Fecal Microbiome Dysbiosis in Patients With Inflammatory 
Bowel Disease,” Frontiers in Cellular and Infection Microbiology 12 
(2022): 1010853, https://doi.org/10.3389/fcimb.2022.1010853.

42. D. Sheng, S. Wang, P. Li, et al., “Evidence for Genetic Causal 
Relationships Between Gut Microbiome, Metabolites, and Myasthenia 
Gravis: A Bidirectional Mendelian Randomization Study,” Frontiers 
in Immunology 14 (2023): 1279845, https://doi.org/10.3389/
fimmu.2023.1279845.

43. P. Vernocchi, T. Gili, F. Conte, et al., “Network Analysis of 
Gut Microbiome and Metabolome to Discover Microbiota-Linked 
Biomarkers in Patients Affected by Non-Small Cell Lung Cancer,” 
International Journal of Molecular Sciences 21, no. 22 (2020): 8730, 
https://doi.org/10.3390/ijms21228730.

44. X. H. Yu, Y. Q. Yang, R. R. Cao, L. Bo, and S. F. Lei, “The Causal 
Role of Gut Microbiota in Development of Osteoarthritis,” Osteoarthritis 
and Cartilage 29, no. 12 (2021): 1741–1750, https://doi.org/10.1016/j.
joca.2021.08.003.

45. H. Chen, R. Ou, N. Tang, et al., “Alternation of the Gut Microbiota in 
Irritable Bowel Syndrome: An Integrated Analysis Based on Multicenter 
Amplicon Sequencing Data,” Journal of Translational Medicine 21, no. 1 
(2023): 117, https://doi.org/10.1186/s12967-023-03953-7.

46. Z. Wang, L. Bao, L. Wu, et al., “Causal Effects of Gut Microbiota 
on Appendicitis: A Two-Sample Mendelian Randomization Study,” 
Frontiers in Cellular and Infection Microbiology 13 (2023): 1320992, 
https://doi.org/10.3389/fcimb.2023.1320992.

47. Y. C. Chen, H. Y. Lin, Y. Chien, Y. H. Tung, Y. H. Ni, and S. S. F. 
Gau, “Altered Gut Microbiota Correlates With Behavioral Problems but 
Not Gastrointestinal Symptoms in Individuals With Autism,” Brain, 
Behavior, and Immunity 106 (2022): 161–178, https://doi.org/10.1016/j.
bbi.2022.08.015.

48. L. Wang, Z. Xie, G. Li, G. Li, and J. Liang, “Two-Sample Mendelian 
Randomization Analysis Investigates Causal Associations Between 
Gut Microbiota and Attention Deficit Hyperactivity Disorder,” 
Frontiers in Microbiology 14 (2023): 1144851, https://doi.org/10.3389/
fmicb.2023.1144851.

49. Y. Zeng, S. Cao, and H. Yang, “Roles of Gut Microbiome in Epilepsy 
Risk: A Mendelian Randomization Study,” Frontiers in Microbiology 14 
(2023): 1115014, https://doi.org/10.3389/fmicb.2023.1115014.

50. J. J. Ni, Q. Xu, S. S. Yan, et al., “Gut Microbiota and Psychiatric 
Disorders: A Two-Sample Mendelian Randomization Study,” 
Frontiers in Microbiology 12 (2021): 737197, https://doi.org/10.3389/
fmicb.2021.737197.

51. D. Sheng, P. Li, Z. Xiao, et al., “Identification of Bidirectional Causal 
Links Between Gut Microbiota and Narcolepsy Type 1 Using Mendelian 
Randomization,” Sleep 47, no. 3 (2024): zsae004, https://doi.org/10.1093/
sleep/zsae004.

https://doi.org/10.1111/rssa.12343
https://doi.org/10.1111/rssa.12343
https://doi.org/10.1093/bioinformatics/btw373
https://doi.org/10.1093/bioinformatics/btw373
https://doi.org/10.1093/bioinformatics/btz469
https://doi.org/10.1093/bioinformatics/btz469
https://doi.org/10.1007/978-1-4419-9863-7_1215
https://doi.org/10.1007/978-1-4419-9863-7_1215
https://doi.org/10.1371/journal.pgen.1007081
https://doi.org/10.1371/journal.pgen.1007081
https://doi.org/10.1016/j.cell.2016.10.042
https://doi.org/10.1016/j.cell.2016.10.042
https://doi.org/10.1038/nature12873
https://doi.org/10.1038/ng.3745
https://doi.org/10.1038/ng.3745
https://doi.org/10.3390/nu12010222
https://doi.org/10.3390/nu12010222
https://doi.org/10.1080/19490976.2023.2247025
https://doi.org/10.3390/nu14020279
https://doi.org/10.1038/s41467-022-29005-0
https://doi.org/10.1038/s41467-022-29005-0
https://doi.org/10.3389/fcimb.2022.943427
https://doi.org/10.3389/fcimb.2022.943427
https://doi.org/10.1128/msystems.01146-22
https://doi.org/10.1128/msystems.01146-22
https://doi.org/10.1002/jcsm.13096
https://doi.org/10.1001/jamanetworkopen.2021.18811
https://doi.org/10.1001/jamanetworkopen.2021.18811
https://doi.org/10.3390/ijms232315023
https://doi.org/10.3390/ijms232315023
https://doi.org/10.1016/j.arcmed.2022.03.007
https://doi.org/10.3389/fcimb.2022.1064462
https://doi.org/10.3389/fcimb.2022.1064462
https://doi.org/10.3389/fcimb.2022.1010853
https://doi.org/10.3389/fimmu.2023.1279845
https://doi.org/10.3389/fimmu.2023.1279845
https://doi.org/10.3390/ijms21228730
https://doi.org/10.1016/j.joca.2021.08.003
https://doi.org/10.1016/j.joca.2021.08.003
https://doi.org/10.1186/s12967-023-03953-7
https://doi.org/10.3389/fcimb.2023.1320992
https://doi.org/10.1016/j.bbi.2022.08.015
https://doi.org/10.1016/j.bbi.2022.08.015
https://doi.org/10.3389/fmicb.2023.1144851
https://doi.org/10.3389/fmicb.2023.1144851
https://doi.org/10.3389/fmicb.2023.1115014
https://doi.org/10.3389/fmicb.2021.737197
https://doi.org/10.3389/fmicb.2021.737197
https://doi.org/10.1093/sleep/zsae004
https://doi.org/10.1093/sleep/zsae004


12 of 12 International Journal of Genomics, 2026

52. S. Shi, Q. Zhang, Y. Sang, et al., “Probiotic Bifidobacterium longum 
BB68S Improves Cognitive Functions in Healthy Older Adults: A 
Randomized, Double-Blind, Placebo-Controlled Trial,” Nutrients 15, 
no. 1 (2022): 51, https://doi.org/10.3390/nu15010051.

53. M. R. Asbury, S. Shama, J. Y. Sa, et al., “Human Milk Nutrient 
Fortifiers Alter the Developing Gastrointestinal Microbiota of Very-
Low-Birth-Weight Infants,” Cell Host & Microbe 30, no. 9 (2022): 1328–
1339.e5, https://doi.org/10.1016/j.chom.2022.07.011.

54. L. Huertas-Díaz, R. Kyhnau, E. Ingribelli, et al., “Breastfeeding and 
the Major Fermentation Metabolite Lactate Determine Occurrence of 
Peptostreptococcaceae in Infant Feces,” Gut Microbes 15, no. 1 (2023): 
2241209, https://doi.org/10.1080/19490976.2023.2241209.

55. T. Marrs, J. H. Jo, M. R. Perkin, et al., “Gut Microbiota Development 
During Infancy: Impact of Introducing Allergenic Foods,” The Journal 
of Allergy and Clinical Immunology 147, no. 2 (2021): 613–621.e9, https://
doi.org/10.1016/j.jaci.2020.09.042.

56. E. Sanderson, W. Spiller, and J. Bowden, “Testing and Correcting 
for Weak and Pleiotropic Instruments in Two-Sample Multivariable 
Mendelian Randomization,” Statistics in Medicine 40, no. 25 (2021): 
5434–5452, https://doi.org/10.1002/sim.9133.

57. R Core Team, R: A Language and Environment for Statistical 
Computing (R Core Team, 2025)https://www.R-project.org/.

58. J. J. Allaire, RStudio: Integrated Development Environment for R 
(Posit team, 2023)http://www.posit.co/.

Supporting Information

Supporting Information 1. Figure S1: Leave-one-out analy-
sis of preliminary microbiota in UVMR. The results were 
consistent after excluding SNP successively and indicated no hetero-
geneity. (A) class Deltaproteobacteria, (B) family Clostridiaceae_1, 
(C) family Desulfovibrionaceae, (D) family Pasteurellaceae, (E) order 
Desulfovibrionales, and (F) order Pasteurellales.

Supporting Information 2. Figure S2: Scatter plot of preliminary micro-
biota in UVMR. The results were consistent in all regression methods, 
represented by different colors of lines. (A) class Deltaproteobacteria, 
(B) family Clostridiaceae_1, (C) family Desulfovibrionaceae, (D) 
family Pasteurellaceae, (E) order Desulfovibrionales, and (F) order 
Pasteurellales.

Supporting Information 3. Figure S3: Forest plots of all microbiota in 
UVMR. It visualized the effect of each SNP by Wald ratio method and 
overall result to detect outlier. The results were visually coherent and 
consistent. (A) class Betaproteobacteria, (B) class Deltaproteobacteria, 
(C) family Clostridiaceae_1, (D) family Desulfovibrionaceae, (E) family 
Pasteurellaceae, (F) family Peptostreptococcaceae, (G) genus Bilophila, 
(H) genus Clostridium sensu stricto_1, (I) genus Haemophilus, (J) genus 
Ruminococcaceae UCG-011, (K) order Desulfovibrionales, and (L) order 
Pasteurellales.

Supporting Information 4. Figure S4: Funnel plots of all microbiota in 
UVMR. It measured the symmetry of IVs’ β and standard error (se) to de-
tect outlier. No outlier was visually detected. (a) class Betaproteobacteria, 
(b) class Deltaproteobacteria, (c) family Clostridiaceae_1, (d) fam-
ily Desulfovibrionaceae, (e) family Pasteurellaceae, (f) family 
Peptostreptococcaceae, (g) genus Bilophila, (h) genus Clostridium sensu 
stricto_1, (i) genus Haemophilus, ( j) genus Ruminococcaceae UCG-011, 
(k) order Desulfovibrionales, (l) order Pasteurellales.

Supporting Information 5. Table S1: STROBE-MR checklist of recom-
mended items to address in reports of Mendelian randomization studies.

Supporting Information 6. Table S2: SNP information in UVMR and 
MVMR, including chromosomal location, allele, and eaf.

Supporting Information 7. Table S3: SNP statistics in UVMR an d 
MVMR, including � , se, p , and F statistic.

Supporting Information 8. Table S4: Heterogeneity statistics (IVW and 
MR Egger), horizontal pleiotropy test, F statistic, Steiger directionality 
test, and p adjusted (BH) of UVMR and MVMR.

Supporting Information 9. Table S5: All causal results of UVMR and 
MVMR, including � , se, and p calculated by five methods.
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