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Abstract：Genome-wide association study (GWAS) data are used to explore the associations between blood metabolites and 5 re‐

spiratory diseases: asthma, tuberculosis (TB), chronic obstructive pulmonary disease (COPD), cor pulmonale, and bronchitis. The 

main method of analysis used is the inverse-variance weighted (IVW) approach, complemented by several sensitivity analyses, in‐

cluding MR-Egger regression, the weighted median, the weighted mode, Cochran’s Q test, and the pleiotropy test. Additional direc‐

tional tests, Meta-analysis and metabolic pathway analyses are conducted for deeper insights. 3 metabolites showing significant 

causal relationships are identified. Catechol glucuronide levels as a protective factor have a positive causal relationship with 

asthma; the creatine to carnitine ratio has a negative causal relationship with COPD as a risk factor; and the adenosine 5’-diphos‐

phate (ADP) to N-acetylglucosamine to N-acetylgalactosamine ratio as a protective factor has a positive causal relationship with 

bronchitis. Additionally, 13 metabolites demonstrate strong causal relationships. Furthermore, we delineate 14 metabolic pathways 

related to the outcomes, including 6 associated with asthma, 2 with TB, 1 with COPD, 4 with cor pulmonale, and 1 with bronchitis. 

A causal relationship between blood metabolites and 5 respiratory diseases has been established. The identified metabolites and 

pathways offer new insights into the underlying mechanisms of these diseases, necessitating further experimental validation.
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利用血液代谢物识别呼吸系统疾病的遗传因素

董逸然， 李慧龙， 闵一萍， 李逸晗， 王 杰， 赵建平
（新疆大学 数学与系统科学学院，新疆 乌鲁木齐 830017）

摘 要：利用全基因组关联研究（GWAS）数据，本文系统探讨了血液代谢物与5种呼吸系统疾病（哮喘、结核病、慢性阻

塞性肺疾病、肺源性心脏病及支气管炎）之间的关联性 .采用逆方差加权法（IVW）作为核心分析方法，并辅以多项敏感
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性分析，包括MR-Egger回归、加权中位数法、加权众数法、Cochran’s Q检验及多效性检验 .通过方向性检验、Meta分析

和代谢途径分析进一步深化研究结论 .鉴定出3种具有显著因果关联的代谢物：作为保护性因素的儿茶酚葡萄糖醛酸苷

水平与哮喘呈正向因果关系；作为风险因素的肌酸与肉碱比率与慢性阻塞性肺疾病呈负向因果关系；作为保护性因素

的腺苷-5’-二磷酸（ADP）-N-乙酰葡糖胺-N-乙酰半乳糖胺比率与支气管炎呈正向因果关系 .此外，还发现了存在强因果

关联的13种代谢物 .进一步解析出14条与目标疾病相关的代谢通路，其中6条通路与哮喘相关、2条与肺结核相关、1条

与慢性阻塞性肺疾病相关、4条与肺源性心脏病相关、1条与支气管炎相关 .本文证实血液代谢物与5种呼吸系统疾病之

间存在因果关联，发现的代谢物及通路为揭示这些疾病的潜在机制提供了新视角，需通过后续实验进一步验证 .

关键词：孟德尔随机化；全基因组关联研究；血液代谢物；呼吸系统疾病

0　Introduction

Respiratory diseases， such as asthma， tuberculosis （TB）， chronic obstructive pulmonary disease （COPD）， 

cor pulmonale， and bronchitis， are among the leading causes of global morbidity and mortality， affecting people of 

all ages and imposing a substantial health burden［1‒2］. These conditions arise from complex interactions between ge‐

netic susceptibility and environmental exposures. Additionally， respiratory diseases increase the risk of other condi‐

tions， such as neurological problems［3］ and muscle dysfunction［4］. Although observational studies have identified nu‐

merous risk factors［5］， their results are often influenced by confounding biases and reverse causality， making it diffi‐

cult to establish clear causal relationships.

Recent metabolomics advancements have significantly impacted disease diagnosis and treatment， attracting consid‐

erable attention. This high-throughput analytical technique provides a comprehensive profile of metabolites in the human 

body， thereby enhancing the possibilities for early detection and preventive strategies［6］. Metabolomics quantifies and 

tracks change in metabolite concentrations， thereby elucidating complex physiological and pathological processes. Un‐

like genomics and proteomics， metabolomics more accurately reflects the current physiological state， introducing novel 

biomarkers for early diagnosis， disease classification， and monitoring of disease progression. The evolving capabilities 

of metabolomics technologies have broadened their applications in respiratory disease research［7］， aiding in the under‐

standing of disease pathogenesis and identifying specific metabolic biomarkers［8‒9］. Although observational studies in me‐

tabolomics have pinpointed certain biomarkers for conditions， like asthma［10］， TB［11］， and COPD［12］， they typically in‐

volve small sample sizes and offer limited insight into underlying pathologies. Comprehensive metabolomics research 

promises to deepen our understanding of the metabolic dynamics in respiratory diseases.

To address these limitations， Mendelian randomization （MR） has been developed as an epidemiological 

method that uses genetic variants as instrumental variables （IVs） to infer causality［13‒15］. The approach is based on 

Mendel’s laws of inheritance， whereby genetic variants are randomly assigned at conception， largely independent 

of confounding environmental or lifestyle factors， and less susceptible to reverse causation. With the expansion of 

genome-wide association studies （GWAS）， large-scale genetic data have become widely accessible， facilitating the 

application of two-sample MR （TSMR） frameworks. This method uses summary-level data from existing GWAS to 

estimate causal effects without requiring individual-level data， significantly reducing research costs.

Foundational studies have been critical in enabling MR analyses of metabolites. For example， large-scale GWAS of 

blood metabolites［16］ have provided comprehensive maps of genetic variants influencing metabolite levels， creating es‐

sential resources for subsequent causal inference studies. In the field of respiratory diseases， MR has already demon‐

strated its value. For instance， studies of COPD have systematically evaluated causal relationships between hundreds of 

blood metabolites and disease risk， identifying specific metabolites involved in disease pathogenesis［17‒18］. Similar ap‐

proaches have been applied to other respiratory diseases［19‒20］. Furthermore， multi-omics integration approaches have be‐

gun to combine genomic and metabolomics data to build more complete models of disease etiology［21‒23］.

In this context， the present study aims to systematically investigate the causal relationships between blood me‐

tabolites and 5 major respiratory diseases： asthma， TB， COPD， cor pulmonale， and bronchitis. Using a TSMR 
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framework and large-scale GWAS summary data， we use genetic variants as instrumental variables to infer the 

causal effects of blood metabolites on these diseases. This study not only seeks to identify specific metabolite bio‐

markers with causal roles， but also intends to conduct sensitivity analyses and metabolic pathway analyses to ex‐

plore underlying biological mechanisms. By integrating genetic and metabolomics evidence， this research aims to 

advance our understanding of the etiology of respiratory diseases， and provide a reliable causal foundation for fu‐

ture early screening， risk prediction， and targeted intervention strategies.

1　Data Sources and Analysis Methods

1.1　Data Sources

We selected 1 400 blood metabolites as exposures and asthma， TB， COPD， cor pulmonale， and bronchitis as 

outcomes for MR analysis. Data on these metabolites were sourced from the July 2023 Nature Genetics article， “Ge‐

nomic atlas of the plasma metabolome prioritises metabolites implicated in human diseases”［24］. This study involved 

8 299 older Canadians （average age 62 ± 10 years）， and a GWAS was conducted on 1 091 blood metabolites and 

309 metabolite ratios. Outcome data were obtained from the Finnish database［25］. In addition， we selected another 

set of data from different years and sources for replication analysis and Meta-analysis.

TSMR analysis requires two independent samples from different populations with similar gender， age， and other 

characteristics. Therefore， different databases were used for the analysis and the populations in this study are all Euro‐

pean. To ensure that there are no ethical issues in this study， the data used in this paper are all publicly available.

1.2　Study Design

To ensure accurate results， MR relies on 3 essential assumptions. Firstly， the genetic variations used as IVs 

need to be significantly associated with the risk factors under investigation （relevance assumption）. Secondly， 

these IVs must be independent of any confounders， whether known or unknown （independence assumption）. 

Lastly， the IVs should influence the outcome exclusively through the risk factors， without any other direct causal 

pathways （exclusivity assumption）. Simply put， the chosen IVs should impact the occurrence of respiratory di‑

seases solely through blood metabolites and not via confounders or direct effects on respiratory diseases. Genetic 

data for blood metabolites and 5 respiratory diseases were sourced from independent GWAS datasets to prevent 

sample overlap. Figure 1 shows a summary of the study.

1.3　Selection of IVs

This study used the R package （TwoSampleMR） for clump processing， specifying single nucleotide polymor‐

Figure 1　　Research design plan
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phisms （SNPs） with P<1×10−5， linkage disequilibrium （LD） r2=0.001， and an LD screening region width of 

10 000 kb. Missing SNPs were substituted with highly correlated SNPs， and palindromic sites were excluded. In to‐

tal， 1 352 metabolites were analyzed.

Weak IVs may introduce bias， making their selection critical. We screened for weak IVs by calculating the F-

statistic （F=（R2/（1-R2））×（N-K-1/K）， where R2=β2×2×MAF×（1-MAF））［26］. In these equations， R2 is the propor‐

tion of variance explained by SNPs associated with exposure， N represents the sample size， K represents the num‐

ber of SNPs included， β denotes the effect size of SNPs associated with blood metabolites， and MAF signifies the 

minor allele frequency. Generally， an F-statistic less than 10 indicates a weak association， potentially affecting MR 

results. Consequently， we excluded IVs with an F-statistic below 10.

All data used for MR analysis in this study underwent rigorous screening. The aforementioned data processing 

helps to reduce the influence of potential confounding factors on the study results. The data quality in this study is 

satisfactory， providing a robust foundation for interpreting the findings.

1.4　TSMR

A primary method commonly used in MR studies is inverse variance weighted （IVW）［27］. It assigns weights to 

effect estimates based on each IV effect estimate and its variance， giving greater weight to IVs with smaller va‑

riance. IVW is the most efficient method for estimating MR effects， and thus this study uses IVW as the primary 

method to explore the causal associations between blood metabolites （PIVW<0.05） and respiratory diseases. The 

FDR method［28］ was used to correct P-values for multiple comparisons.

1.5　Sensitivity Analysis

To assess the robustness of our results， we used MR-Egger regression［29］， weighted median［30］ and weighted 

mode［31］ as additional methods. The weighted median can provide an accurate estimate of causal effects even when 

less than 50% of the genetic variants violate the core assumptions of the MR. The MR-Egger method fits a regres‐

sion model of gene-outcome and gene-exposure associations to test and correct for biases caused by IV pleiotropy. 

Cochran’s Q test［32］ and the pleiotropy test were used to detect the presence of heterogeneity and pleiotropy， respec‐

tively. Statistically significant results （P<0.05） from Cochran’s Q test and the pleiotropy test indicate substantial 

heterogeneity and horizontal pleiotropy in the analysis. The criteria for sensitivity analysis are： （1） the direction 

and magnitude of 4 MR methods are similar； （2） no heterogeneity detected （PCochran’s Q test>0.05）； and （3） no pleiot‐

ropy detected （Pthe pleiotropy test>0.05）.

1.6　Identification of Candidate Biomarkers

The following criteria were used to screen candidate biomarkers： （1） if PIVW-FDR<0.05， the candidate biomarker 

is considered to be significant in causally relating the outcome； （2） if PIVW-FDR>0.05 but PIVW<0.05， and the P-values 

for MR-Egger regression， weighted median， and weighted mode are all less than 0.05， the candidate biomarker is 

considered to have a strong causal relationship with the outcome； （3） the candidate biomarker passes the sensitivity 

analysis， indicating no heterogeneity or pleiotropy.

1.7　Direction Validation

The Steiger test［33］ is a statistical method used to examine reverse causality. It operates under the assumption of 

causal direction and determines the causal relationship between variables by comparing the goodness of fit of 2 

models. When the Steiger_Pval is less than 0.05 and the correct_causal_direction result is TRUE， it indicates the ab‐

sence of reverse causality between exposure and outcome.

1.8　Meta-Analysis

To strengthen the evidence supporting the candidate biomarkers， we performed replication analyses. A Meta-

analysis of the IVW results from both the primary and replication analyses was conducted to derive a comprehensive 

causal relationship. The Q test and I2 statistic were applied to evaluate heterogeneity within the Meta-analysis. Het‐
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erogeneity was considered significant when I2>50% and P<0.05. In the absence of heterogeneity， a fixed-effect 

model was used， while a random-effect model was used when significant heterogeneity was present. The statistical 

threshold for the Meta-analysis was set at 0.05.

1.9　Metabolic Pathway Analysis

Based on the Kyoto Encyclopedia of Genes and Genomes （KEGG） IDs provided by the author， pathway 

analysis of known metabolites （PIVW<0.05） was performed using MetaboAnalyst 6.0 （https： //www.metaboanalyst.

ca/）. The Small Molecule Pathway Database （SMPDB） and KEGG databases were used to extract and analyse po‐

tentially positive metabolites. The objective was to identify metabolic pathways that may be associated with the bio‐

logical processes of 5 respiratory diseases （P<0.05）.

1.10　Reported Results and Software

Given that the outcomes in question are binary variables， the results are presented as odds ratios （OR） and 

95% confidence intervals （CI） per standard deviation. These figures are expressed as estimates （Estimate） for the 

sake of simplicity. A two-tailed P-value of 0.05 was deemed to represent a statistically significant threshold. All sta‐

tistical analyses were conducted using the TwoSampleMR package （version 0.5.7） in R （version 4.5.1）， code is 

available at https：//github.com/DAIOKD/Using-blood-metabolites-to-identify-genetic-factors-in-respiratory-disease.

2　Statistical Analysis

2.1　Results of TSMR

After conducting TSMR analysis， we identified 91 metabolites with potential causal relationships to asthma， in‐

cluding 74 known and 17 unknown. For TB， 68 metabolites were identified， comprising 58 known and 10 unknown. 

The analysis for COPD revealed 77 metabolites， with 68 known and 9 unknown. For cor pulmonale， 88 metabolites 

were identified， including 74 known and 14 unknown. Lastly， 75 metabolites with potential causal relationships to bron‐

chitis were found， consisting of 61 known and 14 unknown. Notably， catechol glucuronide levels （PFDR=1.01×10−2）， ade‑

nosine 5’-diphosphate （ADP） to N-acetylglucosamine to N-acetylgalactosamine ratio （PFDR=2.00×10−2）， and creatine to 

carnitine ratio （PFDR=3.72×10−3） all passed Bonferroni correction. This study does not examine unknown metabolites. The 

volcano map （Figure 2） highlights the risk association between blood metabolites and outcomes.

2.2　Sensitivity Analysis

Among the metabolites that displayed comparable direction and magnitude across 4 methods， IVW， MR-

Egger regression， weighted median and weighted mode， 70 metabolites showed potential causal relationships with 

asthma. Similarly， 52 metabolites were potentially causally related to TB， 59 metabolites to COPD， 61 metabolites 

to cor pulmonale， and 50 metabolites to bronchitis.

Additionally， among the 70 metabolites with potential causal relationships with asthma， 12 did not pass the 

heterogeneity test， 1 did not pass the pleiotropy test， and 3 did not pass both tests. Among the 52 metabolites with 

potential causal relationships with TB， 3 did not pass the pleiotropy test. For COPD， among the 59 metabolites， 4 did 

not pass the heterogeneity test and 1 did not pass the pleiotropy test. For cor pulmonale， among the 61 metabolites， 

3 did not pass the heterogeneity test and 2 did not pass the pleiotropy test. For bronchitis， all 50 metabolites passed 

both the heterogeneity and pleiotropy tests.

2.3　Candidate Biomarker

An OR>1 indicates the exposure increases disease risk； OR<1 indicates it decreases risk； OR=1 indicates no 

association. According to 3 criteria for identifying candidate biomarkers， we discovered 3 metabolites with signifi‐

cant causal relationships. Catechol glucuronide levels （P：7.48×10−6， OR： 0.91， 95%CI： 0.87-0.95） as a protective 

factor has a positive causal relationship with asthma； creatine to carnitine ratio （P：2.75×10−6， OR： 0.76， 95%CI： 

0.67-0.85） as a protective factor has a positive causal relationship with COPD； and adenosine 5’-diphosphate 

（ADP） to N-acetylglucosamine to N-acetylgalactosamine ratio （P： 1.48×10−5， OR： 1.13， 95%CI： 1.07-1.19） as a 
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risk factor has a negative causal relationship with bronchitis. Additionally， we identified 13 metabolites with strong 

causal relationships.

2.4　Direction Validation

Direction validation confirms a one-way causal link from exposure to outcome， and the Steiger test verifies that 

SNPs affect the outcome via the exposure rather than the reverse. We conducted the Steiger test on the 16 aforementioned 

metabolites， and the results showed that all Steiger_Pval values were less than 0.05， and the correct causal direction re‐

sults were all TRUE， indicating that there were no reverse causal relationships between blood metabolites and outcomes.

2.5　Meta-Analysis

Replication analysis enhances the credibility of causal inference by repeatedly validating MR results across dif‐

ferent datasets or cohorts. Meta-analysis can synthesize the results of multiple independent MR studies to provide 

more precise effect estimates. I2 reflects the proportion of total variation that is due to non-sampling error. When I2>

50%， a random-effect model is used； when I2<50%， a fixed-effect model is applied. If the P-value is below 0.05， 

the result is regarded as statistically significant. An ORcombined<1 indicates the metabolite is protective for the disease， 

whereas ORcombined>1 indicates it is a risk factor. We performed a Meta-analysis of the MR estimates derived from 

both the primary and replication TSMR analyses. The results indicated that 3 candidate metabolic biomarkers were 

statistically significant for asthma， 3 for COPD， and 4 for cor pulmonale. In asthma， the following metabolites 

Figure 2　　Volcano map of TSMR results
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were protective： catechol glucuronide levels （ORcombined<1， P=0.02）， histidine levels （ORcombined<1， P=0.02）， and 

the cholesterol to linoleoyl-arachidonoyl-glycerol （18∶2 to 20∶4） ［2］ ratio （ORcombined<1， P=0.02）. In COPD， the 

following metabolites were associated with significant risk： creatine to carnitine ratio （ORcombined>1， P=0.02）， orotidine 

levels （ORcombined>1， P<0.01）， and glycerol to sulfate ratio （ORcombined>1， P<0.01）. In cor pulmonale， the following me‐

tabolites were protective： 1-palmitoyl-2-dihomo-linolenoyl-GPC （16∶0/20∶3n3 or 6） levels （ORcombined<1， P<0.01） and 

1，2-dilinoleoyl-GPE （18∶2/18∶2） levels （ORcombined<1， P=0.02）. However， gamma-glutamylglycine levels （ORcombined>

1， P<0.01） and glycine levels （ORcombined>1， P<0.01） were linked to significant risk. Meta-analysis summary graph is 

shown in Figure 3.

2.6　Metabolic Pathway Analysis

We analyzed the metabolic pathways of known metabolites with PIVW<0.05， identifying 14 important disease-

related metabolic pathways （Figure 4）. Specifically， we found 6 pathways related to asthma， 2 pathways related to 

TB， 1 pathway related to COPD， 4 pathways related to cor pulmonale， and 1 pathway related to bronchitis. The re‐

sults indicate that glycine， serine and threonine metabolism （P=0.000 2）， glycerophospholipid metabolism （P=

0.004 1）， arginine biosynthesis （P=0.007 2）， butanoate metabolism （P=0.008 3）， alanine， aspartate and gluta‐

mate metabolism （P=0.027 7）， and glyoxylate and dicarboxylate metabolism （P=0.035 6） might be associated 

with asthma； tryptophan metabolism （P=0.021 2） and taurine and hypotaurine metabolism （P=0.044 9） might be 

associated with TB； caffeine metabolism （P=0.049 8） might be associated with COPD； glycine， serine and threo‐

nine metabolism （P=0.014 0）， biosynthesis of unsaturated fatty acids （P=0.016 5）， primary bile acid biosynthesis 

（P=0.026 4）， and linoleic acid metabolism （P=0.028 3） might be associated with cor pulmonale； pentose and gluc‐

uronate interconversions （P=0.007 1） might be associated with bronchitis. Notably， asthma and cor pulmonale 

share a common metabolic pathway： glycine， serine and threonine metabolism.

Figure 3　　Summary plot of Meta-analysis of 10 metabolites and 3 diseases
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3　Statistical Analysis

3.1　Asthma

Consistent with previous studies， our results indicate that asthma is related to glycine， serine and threonine metabo‐

lism. Glycine， the simplest amino acid and a non-essential amino acid， often serves as a basic structural unit in protein 

synthesis. In the body， glycine participates in the urea cycle， helping to eliminate nitrogen metabolism products. Addi‐

tionally， glycine plays a crucial role in collagen synthesis， maintaining the health of skin， muscles， and bones. Serine 

and threonine are essential amino acids that help maintain specific protein structures and regulate protein activity through 

modifications such as phosphorylation. Glycine and serine are also important in carbohydrate metabolism， particularly in 

glycogen synthesis and degradation. Moreover， glycine and serine participate in antioxidant reactions， helping remove 

free radicals and protect cells from oxidative damage. Recent studies have shown significant changes in plasma metabo‐

lites in children with worsening asthma， with glycine， serine and threonine metabolism being crucial pathways distin‐

guishing between exacerbated and stable asthma in children［34-37］. Liao et al.’s experiments found that the adverse effects 

of asthma caused by exposure to air pollutants are related to decreased levels of glycine， serine and threonine metabo‐

lism［38］， consistent with Wang et al.’s findings in mouse experiments［39］. The pathogenesis of asthma is complex， with 

oxidative stress considered an important factor， as asthma patients have significantly higher oxidative stress levels than 

the general population. Given that serine is a precursor for the synthesis of glycine and cysteine， and that glycine and cys‐

teine are essential for the synthesis of antioxidant glutathione， glycine， serine and threonine metabolism might prevent 

asthma by influencing oxidative stress pathways.

3.2　TB

The relationship between tryptophan metabolism and TB has garnered significant interest. Consistent with pre‐

vious studies， we posit that TB is linked to tryptophan metabolism. Tryptophan， an essential amino acid， is a com‐

ponent of proteins and a precursor to neurotransmitters such as melatonin. Research indicates that in organisms in‐

fected with TB， tryptophan metabolism often alters， leading to decreased tryptophan levels and subsequently affec‑

ting the immune system’s function［40］. This metabolic disorder may impair the function of monocytes and T cells， 

increasing susceptibility to bacterial invasion and exacerbating TB progression. Tryptophan metabolism is inti‐

Figure 4　　Significant metabolic pathways of 5 respiratory diseases
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mately associated with the survival and growth of Mycobacterium tuberculosis. Studies have shown that M. tubercu‐

losis manipulates the host’s tryptophan metabolism pathway to ensure its survival after infection［41］. Additionally， 

abnormalities in tryptophan metabolism have been observed in patients with intracranial tuberculosis［42］， suggesting 

that tryptophan metabolism may be involved in the localization and proliferation of M. tuberculosis in the nervous 

system. Moreover， some studies have found that intervening in the tryptophan metabolism pathway can reduce the 

incidence and progression of TB. For instance， some inhibitors of the tryptophan metabolism pathway have demon‐

strated therapeutic effects on TB［43］. Exploring the potential applications of tryptophan metabolism in TB treatment，  

understanding and regulating this pathway， may provide new approaches for TB prevention and treatment.

3.3　COPD

Caffeine is a chemical commonly found in foods such as coffee， chocolate， and tea. It plays a significant role 

in the stimulation of the respiratory system， making it a common ingredient in bronchodilators. Our research indi‐

cates that COPD is related to caffeine metabolism. Caffeine has both positive and negative effects on the human 

body. On one hand， it can prevent oxidative stress associated with Alzheimer’s disease； on the other hand， it can 

negatively impact individuals with hypertension. The effect of caffeine on COPD is similarly dual-faceted. Some 

studies have found that caffeine has anti-inflammatory and antioxidant properties， which help alleviate symptoms 

and inflammatory responses in COPD patients， drinking coffee significantly benefits the respiratory system［44］. 

Other studies also suggest that caffeine can dilate the bronchi and improve respiratory function， thereby alleviating 

dyspnea symptoms. However， there are also findings indicating that excessive caffeine intake may adversely affect 

COPD patients. Within a certain range， an increased intake of coffee and caffeine has been demonstrated to exert a 

more pronounced pro-inflammatory effect on COPD［45］. In summary， the relationship between caffeine and COPD 

is complex and multifaceted， necessitating further research and exploration.

3.4　Cor Pulmonale

Similar to asthma， our study indicates that the occurrence of cor pulmonale is influenced by glycine， serine 

and threonine metabolism. Currently， there is no direct evidence linking glycine， serine and threonine metabolism 

with cor pulmonale， but evidence suggests an association with pulmonary arterial hypertension， a major cause of 

cor pulmonale［46］. Xu et al. confirmed that glycine， serine and threonine metabolism can promote one-carbon me‐

tabolism［47］， while Xu et al. observed an increased one-carbon metabolism in pulmonary artery endothelial cells 

from patients with pulmonary hypertension［48］. At present， many mysteries remain regarding the relationship be‐

tween glycine， serine and threonine metabolism and cor pulmonale. For example， it is still unclear whether the ab‐

normal metabolism of these amino acids is a mechanism of cor pulmonale pathogenesis or merely a byproduct of its 

pathophysiological process. Furthermore， detailed mechanisms of these amino acids’ metabolism need to be further 

studied to provide more targeted methods for the treatment and prevention of cor pulmonale.

3.5　Bronchitis

Bronchitis is a prevalent respiratory condition characterised by inflammatory processes within the airways and 

an increased production of mucus. Our research suggests that bronchitis is associated with pentose and glucuronate 

interconversions. Pentose and glucuronate are 2 different metabolic products that can be interconverted. Pentose is a 

sugar containing 5 carbon atoms， while glucuronate is a compound derived from glucose through a series of reac‐

tions. The interconversions of pentose and glucuronate include D-ribulose 5-phosphate， xylitol， and glucose-1-

phosphate. Glucuronate can be converted into xylulose 5-phosphate via the uronic acid pathway， which is part of 

the pentose phosphate pathway［49］. Oxidative stress is well known to be a key factor in the pathophysiology of bronchitis. 

The respiratory system is frequently exposed to environmental pollutants and toxins， leading to the generation of reactive 

oxygen species and subsequent oxidative damage. In order to counteract this oxidative stress， the antioxidant system 

within the respiratory tract， including the pentose phosphate pathway， is activated to maintain redox balance and protect 

cells from damage. Additionally， the pentose phosphate pathway participates in producing ribose-5-phosphate， which 
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serves as an essential precursor for the production of nucleotides and nucleic acids. These are important components for 

cellular growth and repair processes， including the regeneration of bronchial epithelial cells. There may be an association 

between pentose and glucuronate interconversions and bronchitis， but research on their specific relationship is currently 

limited. Further experiments and studies are needed to confirm this association.

3.6　Discussion

It is noteworthy that the present study examined 5 respiratory diseases and identified significant shared molecu‐

lar mechanisms involving glycine， serine and threonine metabolism in asthma and cor pulmonale.

Firstly， defects in glutathione synthesis and oxidative stress imbalance represent core pathological pathways. 

Reduced levels of glycine and serine， which are precursors for glutathione synthesis， lead to glutathione defi‐

ciency， exacerbating airway inflammation in asthma patients and pulmonary artery endothelial cell apoptosis in pa‐

tients with cor pulmonale. Secondly， abnormalities in one-carbon metabolism have been demonstrated to drive 

pathological proliferation. SHMT2 has been shown to promote eosinophil activation in asthma and pulmonary artery 

vascular remodelling in cor pulmonale by generating glycine and one-carbon units. The metabolites of the former 

provide substrates for nucleic acid synthesis， thereby fueling immune cell proliferation and vascular smooth muscle 

cell hyperplasia. In order to address these mechanisms， therapeutic strategies are required that regulate metabolism 

and block pathological pathways concurrently.

3.7　Strengths and Limitations

This study has several notable strengths. Firstly， the study uses the most extensive and systematic blood me‐

tabolite dataset to date as exposure， incorporating 1 352 blood metabolites into the MR analysis. Secondly， the 

study comprehensively explores the causal relationships between blood metabolites and 5 respiratory diseases， rep‐

resenting potentially the most in-depth and systematic examination of metabolic processes in respiratory diseases to 

date. Thirdly， the study integrates a range of methodologies and designs a series of experiments to ensure the relia‑

bility of MR estimation results. Fourthly， the study discloses shared molecular mechanisms between asthma and cor 

pulmonale， thus paving the way for common therapeutic strategies.

However， there are some limitations to our study. Firstly， limitations in data quality and genetic IV may com‐

promise the reliability of causal inference. Secondly， insufficient sample size and diversity restrict the generalizabi‑

lity of findings. Furthermore， existing studies predominantly rely on cross-sectional data， making it difficult to cap‐

ture dynamic changes in metabolites and inadequately accounting for the complexity of environmental factors.

4　Conclusion

This study systematically analyzed the causal effects of blood metabolites on 5 respiratory diseases using an 

MR framework based on GWAS data， identified molecular targets with potential intervention value， and uncovered 

shared metabolic pathways across diseases.
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