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Asthma is a common chronic respiratory disease. In the past 10 years, genome-wide association study (GWAS) has been widely used to identify the common asthma genetic variants. Importantly, these publicly available asthma GWAS datasets provide important data support to investigate the causal association of kinds of risk factors with asthma by a Mendelian randomization (MR) design. It is known that socioeconomic status is associated with asthma. However, it remains unclear about the causal association between socioeconomic status and asthma. Here, we selected 162 independent educational attainment genetic variants as the potential instruments to evaluate the causal association between educational attainment and asthma using large-scale GWAS datasets of educational attainment (n = 405,072) and asthma (n = 30,810). We conducted a pleiotropy analysis using the MR-Egger intercept test and the MR pleiotropy residual sum and outlier (MR-PRESSO) test. We performed an MR analysis using inverse-variance weighted, weighted median, MR-Egger, and MR-PRESSO. The main analysis method inverse-variance weighted indicated that each 1 standard deviation increase in educational attainment (3.6 years) could reduce 35% asthma risk [odds ratio (OR) = 0.65, 95% confidence interval (CI) 0.51–0.85, P = 0.001]. Importantly, evidence from other MR methods further supported this finding, including weighted median (OR = 0.55, 95% CI 0.38–0.80, P = 0.001), MR-Egger (OR = 0.48, 95% CI 0.16–1.46, P = 0.198), and MR-PRESSO (OR = 0.65, 95% CI 0.51–0.85, P = 0.0015). Meanwhile, we provide evidence to support that educational attainment protects against asthma risk dependently on cognitive performance using multivariable MR analysis. In summary, we highlight the protective role of educational attainment against asthma. Our findings may have public health applications and deserve further investigation.
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INTRODUCTION

Asthma is a common chronic respiratory disease (Beasley et al., 2015; Han et al., 2020; von Mutius and Smits, 2020). It is estimated that asthma could affect over 300 million people in the world and result in a substantial burden (Beasley et al., 2015; Han et al., 2020; von Mutius and Smits, 2020). During the past 30 years, asthma death rates have decreased greatly (Beasley et al., 2015; von Mutius and Smits, 2020). However, there are still no effective therapeutic regimens (Beasley et al., 2015; von Mutius and Smits, 2020). Hence, it is important to identify the risk factors for asthma, especially those with the causation association for asthma (Beasley et al., 2015; von Mutius and Smits, 2020).

In the past 10 years, genome-wide association study (GWAS) has been widely used to identify the common asthma genetic variants (Demenais et al., 2018; Zhu et al., 2018; Shrine et al., 2019; Han et al., 2020). In 2018, the Trans-National Asthma Genetic Consortium (TAGC) conducted a GWAS analysis of asthma using 23,948 cases and 118,538 controls from kinds of populations, including European, African, Japanese, and Latino ancestries (von Mutius and Smits, 2020). They successfully found five new asthma loci (Demenais et al., 2018). Zhu et al. (2018) conducted a genome-wide cross-trait analysis of asthma and allergic diseases using large-scale GWAS datasets from the UK Biobank, including 33,593 cases and 76,768 controls of European ancestry. They found a significant genetic correlation between asthma and allergic diseases and highlighted 38 shared loci (Zhu et al., 2018). Shrine et al. (2019) carried out a GWAS analysis to identify common genetic variants associated with moderate-to-severe asthma by a two-stage design, including 5,135 asthma cases and 25,675 controls in stage 1 and 5,414 asthma cases and 21,471 controls in stage 2. Importantly, all these selected individuals are of European ancestry (Shrine et al., 2019). Interestingly, they reported 24 novel genetic variants to be significantly associated with moderate-to-severe asthma (Shrine et al., 2019). Han et al. (2020) conducted a GWAS analysis of asthma using 64,538 asthma cases and 329,321 controls from the UK Biobank. They further performed an asthma GWAS meta-analysis of the UK Biobank and the TAGC (Demenais et al., 2018; Han et al., 2020). Finally, Han et al. identified 66 novel asthma loci (Demenais et al., 2018; von Mutius and Smits, 2020).

Importantly, these publicly available asthma GWAS datasets provide important data support to investigate the causal association of kinds of risk factors with asthma by Mendelian randomization (MR) design or polygenic score (Granell et al., 2014; Minelli et al., 2018; Skaaby et al., 2018; Rosa et al., 2019; Xu et al., 2019; Zhao and Schooling, 2019; Chen et al., 2020; Mulugeta et al., 2020; Shen et al., 2020; Sun et al., 2020; Au Yeung et al., 2021a; Park et al., 2021; Raita et al., 2021). Some risk factors have been reported to increase the risk of asthma, including soluble interleukin-6 receptor level (Rosa et al., 2019; Raita et al., 2021), childhood body mass index (BMI) (Au Yeung et al., 2021a), adult BMI (Granell et al., 2014; Skaaby et al., 2018; Xu et al., 2019; Sun et al., 2020; Au Yeung et al., 2021a), major depressive disorder (Mulugeta et al., 2020), early pubertal maturation (Chen et al., 2020), and age at puberty (Minelli et al., 2018). Meanwhile, other risk factors are associated with reduced risk of asthma, including estimated glomerular filtration rate (Park et al., 2021), lifetime smoking (Shen et al., 2020), and linoleic acid (Zhao and Schooling, 2019).

In addition to these risk factors discussed earlier, socioeconomic status is also associated with asthma (Eagan et al., 2004; Hancox et al., 2004; Kozyrskyj et al., 2010; Brite et al., 2020). However, it remains unclear about the causal association between socioeconomic status and asthma (Eagan et al., 2004; Hancox et al., 2004; Kozyrskyj et al., 2010; Brite et al., 2020). Here, we selected 162 independent educational attainment genetic variants as the potential instruments to evaluate the causal association between educational attainment and asthma.



MATERIALS AND METHODS


Educational Attainment Genome-Wide Association Study Dataset

We selected 162 independent genetic variants that influence educational attainment to be the potential instrumental variables (Okbay et al., 2016). In brief, these genetic variants are identified by a recent large-scale GWAS dataset of educational attainment in individuals of European descent (n = 405,072) (Okbay et al., 2016). The educational attainment was a continuous variable measuring by the number of years of schooling completed (EduYears) and was assessed at age or older than 30 years (Okbay et al., 2016). This large-scale GWAS dataset is based on the meta-analysis of GWAS results from the discovery stage (Social Science Genetic Association Consortium, including 293,723 individuals) and replication stage (UK Biobank, including 111,349 individuals) (Okbay et al., 2016). The participating cohorts in the discovery stage are provided in Table 1. Finally, this meta-analysis identified 162 independent genetic variants with the genome-wide significance (P < 5.00E-08), as provided in Supplementary Table 1 (Okbay et al., 2016).


TABLE 1. Participating cohorts in Educational attainment GWAS discovery stage (Okbay et al., 2016).
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Cognitive Performance Genome-Wide Association Study Dataset

We selected a large-scale GWAS dataset of cognitive performance in 257,841 individuals of European descent (Okbay et al., 2016). It is based on the sample-size-weighted meta-analysis of two large-scale GWAS datasets from the COGENT consortium (n = 35,298) and UK Biobank (n = 222,543) (Okbay et al., 2016). In COGENT, the phenotype measure was the first unrotated principal component of performance on at least three neuropsychological tests (or at least two IQ-test subscales) (Okbay et al., 2016). In the UK Biobank, the phenotype measure was a standardized score on a test of verbal–numerical reasoning (Okbay et al., 2016). More detailed information is provided in the original study (Okbay et al., 2016).



Asthma Genome-Wide Association Study Dataset

We selected the large-scale asthma GWAS dataset in 30,810 individuals of European ancestry, including 5,135 moderate–severe asthma cases and 25,675 controls, as described in the original study (Shrine et al., 2019). These selected moderate–severe asthma cases are from the Genetics of Asthma Severity and Phenotypes study (GASP, n = 1,858), the Unbiased Biomarkers in Prediction of respiratory disease outcomes project (U-BIOPRED, n = 281), and the UK Biobank (n = 2,996) (Shrine et al., 2019). The selected controls are from the U-BIOPRED (n = 75) and the UK Biobank (n = 25,600) (Shrine et al., 2019). In GASP and U-BIOPRED, moderate-to-severe asthma patients were evaluated using clinical records based on the British Thoracic Society 2014 guidelines (Shrine et al., 2019). In the UK Biobank, moderate-to-severe asthma cases were diagnosed by a doctor (Shrine et al., 2019). The key demographic characteristics, including age and sex, are provided in Table 2 or the original study (Shrine et al., 2019).


TABLE 2. Baseline characteristics of asthma cases and controls (Shrine et al., 2019).
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Pleiotropy Analysis

MR is established based on three key assumptions. Assumption 1: genetic variants (instrumental variables) should be significantly associated with the exposure (educational attainment). Hence, we selected 162 independent genetic variants associated with educational attainment with the genome-wide significance (P < 5.00E-08), as described earlier. Both assumption 2 and assumption 3 are known as no pleiotropy, as described in recent MR studies (Larsson et al., 2020; Au Yeung et al., 2021b; Sun et al., 2021; Yuan et al., 2021; Zhao and Schooling, 2021; Zhuang et al., 2021b). Hence, we conducted a pleiotropy analysis using the MR-Egger intercept test (Bowden et al., 2015; Burgess and Thompson, 2017) and the MR pleiotropy residual sum and outlier (MR-PRESSO) test (Verbanck et al., 2018); both have widely used in recent MR studies (Larsson et al., 2020; Au Yeung et al., 2021b; Sun et al., 2021; Yuan et al., 2021; Zhao and Schooling, 2021; Zhuang et al., 2021b). The significance threshold P < 0.05 indicated evidence of pleiotropy.



Mendelian Randomization Analysis

For univariable MR analysis, we selected the inverse-variance weighted (IVW) as the main MR analysis method. Meanwhile, we also selected other additional MR analysis methods, including weighted median, MR-Egger method, and MR-PRESSO, as used in recent MR studies (Bowden et al., 2015; Burgess and Thompson, 2017; Liu et al., 2018; Larsson et al., 2020; Au Yeung et al., 2021b; Sun et al., 2021; Yuan et al., 2021; Zhao and Schooling, 2021; Zhuang et al., 2021b). For multivariable MR analysis, we selected the multivariable IVW method, multivariable median-based method, and multivariable MR-Egger method. The odds ratio (OR) and 95% confidence interval (CI) of asthma correspond to approximately per 3.6 years increase [approximately 1 standard deviation (SD)] in EduYears. R (version x64 4.0.3), R package “MendelianRandomization,” and MR-PRESSO were used to perform the MR analysis. The significance threshold P < 0.05 indicated evidence of causal association. To test the influence of a single genetic variant, we also conducted a sensitivity analysis using leave-one-out permutation (Liu et al., 2018).



Power Analysis

The variance of educational attainment (R2) explained by the selected genetic variants was calculated using the effect allele frequency, the effect size beta (β), and the number of the selected genetic variants (k), as described in a previous study (Locke et al., 2015).
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Based on the R2 and other necessary information, including sample size, type-I error rate, proportion of cases in the study, and true OR of the outcome variable per SD of the exposure variable, the statistical power was calculated using mRnd (Power calculations for MR) (Brion et al., 2013).



RESULTS


Educational Attainment Genetic Variants and Asthma

We selected 162 independent genetic variants influencing educational attainment and extracted their corresponding summary statistics in the asthma GWAS dataset. The results showed that 141 unique genetic variants were available in the asthma GWAS dataset. Only five genetic variants are associated with asthma risk with P < 0.05, including rs1378214 (P = 0.000531), rs76878669 (P = 0.00607), rs7772172 (P = 0.00666), rs113520408 (P = 0.0183), and rs9556958 (P = 0.0388). These findings indicated that all these selected genetic variants showed a more significant trend associated with educational attainment. Table 3 provides the more detailed results about these 141 genetic variants.


TABLE 3. Association between 141 educational attainment genetic variants and asthma.
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Pleiotropy Analysis

Evidence from the MR-Egger intercept test supported that these 141 genetic variants showed no significant pleiotropy with intercept = 0.005, P = 0.581. Importantly, evidence from the MR-PRESSO global test further highlighted no significant horizontal pleiotropy P = 0.375. Hence, these 141 genetic variants could be selected as the effective instrumental variables.



Univariable Mendelian Randomization Analysis

The main analysis method IVW indicated that each 1 SD increase in educational attainment (3.6 years) could reduce 35% asthma risk (OR = 0.65, 95% CI 0.51–0.85, P = 0.001). Importantly, evidence from other MR methods further supported this finding, including weighted median (OR = 0.55, 95% CI 0.38–0.80, P = 0.001), MR-Egger (OR = 0.48, 95% CI 0.16–1.46, P = 0.198), and MR-PRESSO (OR = 0.65, 95% CI 0.51–0.85, P = 0.0015). Figures 1–3 show the individual causal estimates using the IVW method, weighted median, and MR-Egger, respectively. We further conduct a sensitivity analysis using the leave-one-out permutation. The results suggested no single genetic variant to significantly affect the estimates between educational attainment and the risk of asthma.
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FIGURE 1. Single estimates about causal association between educational attainment and asthma from MR analysis using IVW method. This scatter plots represent 141 genetic variants associated with educational attainment on x-axis and risk of asthma on y-axis. Continuous line represents causal effect of educational attainment on risk of asthma. IVW, inverse variance weighted.
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FIGURE 2. Single estimates about causal association between educational attainment and asthma from MR analysis using weighted median method. This scatter plots represent 141 genetic variants associated with educational attainment on x-axis and risk of asthma on y-axis. Continuous line represents causal effect of educational attainment on risk of asthma.
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FIGURE 3. Single estimates about causal association between educational attainment and asthma from MR analysis using MR-Egger method. This scatter plots represent 141 genetic variants associated with educational attainment on x-axis and risk of asthma on y-axis. Continuous line represents causal effect of educational attainment on risk of asthma.




Multivariable Mendelian Randomization Analysis

In multivariable MR analysis, we evaluated the effect of cognitive performance on the causal association between educational attainment and the risk of asthma. However, all three multivariable MR analysis methods indicated no significant causal association between educational attainment and the risk of asthma, including multivariable IVW method (OR = 0.64, 95% CI 0.35–1.17, P = 0.144), multivariable median-based method (OR = 0.63, 95% CI 0.28–1.42, P = 0.265), and multivariable MR-Egger method (OR = 0.32, 95% CI 0.08–1.22, P = 0.094). Hence, these findings provide evidence to support that educational attainment protects against asthma risk dependently on cognitive performance.



Power Analysis

One hundred forty-one educational attainment genetic variants finally selected in our MR analysis explain a total of 3.87% of educational attainment variance. Power analysis using mRnd showed that our MR analysis had 80% power to detect OR of 0.79 or lower per SD increase in educational attainment for the risk of asthma. Meanwhile, our MR analysis has 100% power to detect the OR of 0.65 using IVW, the OR of 0.55 using weighted median, the OR of 0.48 using MR-Egger, and the OR of 0.65 using MR-PRESSO.



DISCUSSION

Until recently, multiple large-scale GWAS analyses have been conducted to report novel asthma genetic variants (Demenais et al., 2018; Zhu et al., 2018; Shrine et al., 2019; Han et al., 2020). Importantly, these GWAS datasets are publicly available and promote additional analyses, such as MR analysis, to evaluate the causal association between common risk factors and asthma. These risk factors include soluble interleukin-6 receptor level (Rosa et al., 2019; Raita et al., 2021), childhood BMI (Au Yeung et al., 2021a), adult BMI (Granell et al., 2014; Skaaby et al., 2018; Xu et al., 2019; Sun et al., 2020; Au Yeung et al., 2021a), major depressive disorder (Mulugeta et al., 2020), early pubertal maturation (Chen et al., 2020), age at puberty (Minelli et al., 2018), estimated glomerular filtration rate (Park et al., 2021), lifetime smoking (Shen et al., 2020), and linoleic acid (Zhao and Schooling, 2019).

It is reported that socioeconomic status is also a risk factor for asthma (Eagan et al., 2004; Hancox et al., 2004; Kozyrskyj et al., 2010; Brite et al., 2020). In the World Trade Center Health Registry study, Brite et al. (2020) analyzed the data from 30,452 individuals and found that individuals with lower socioeconomic status had worse asthma outcomes. In the Western Australian Pregnancy Cohort (Raine) Study, Kozyrskyj et al. (2010) analyzed the data from 2,868 children and found that children with lower socioeconomic status tended to develop persistent asthma. However, Hancox et al. (2004) reported inconsistent findings in a prospective cohort study including approximately 1,000 individuals in New Zealand. They found no significant between socioeconomic status during childhood and the prevalence of asthma (Hancox et al., 2004). Hence, the causal association between socioeconomic status and asthma remains unclear, which further promotes us to perform an MR analysis using the large-scale GWAS datasets.

Using 162 independent educational attainment genetic variants, we successfully extracted the summary association results of 141 unique genetic variants from the asthma GWAS dataset. The pleiotropy analysis indicated these genetic variants to be effective instruments. MR analysis showed each 1 SD increase in educational attainment (4.2 years) reduced 35% asthma risk (OR = 0.65, 95% CI 0.51–0.85, P = 0.001) using IVW. Importantly, other additional analysis methods and sensitivity methods supported this finding. However, multivariable MR analysis showed that educational attainment protected against asthma risk dependently on cognitive performance.

Until now, univariable and multivariable MR studies have evaluated the association of educational attainment and/or cognitive performance on other human complex diseases or phenotypes. Wang et al. (2021) conducted a two-sample univariable and multivariable MR to evaluate the causal effects of educational attainment and cognition on the risk of epilepsy. Using univariable MR analysis, they found that both educational attainment and cognitive performance could reduce the risk of epilepsy (Wang et al., 2021). Using multivariable MR analysis, they found that only educational attainment protected against epilepsy independent of cognitive performance (Wang et al., 2021).

Gill et al. (2019) conducted a two-sample univariable MR to evaluate the effect of education and cognitive performance, respectively, on the risk of coronary heart disease and ischemic stroke. Meanwhile, they performed a multivariable MR to adjust for the effects of cognitive performance and education, respectively (Gill et al., 2019). Using univariable MR analysis, they found a causal association between high education and reduced risk of coronary heart disease and stroke (Gill et al., 2019). Meanwhile, they also found that high cognitive performance could also reduce the risk of coronary heart disease but not stroke (Gill et al., 2019). Using multivariable MR analysis, they found that education could protect against coronary heart disease and stroke independent of cognitive function (Gill et al., 2019). However, the cognitive performance had no causal association with coronary heart disease or stroke by adjusting for education (Gill et al., 2019). Carter et al. (2019) found that BMI, systolic blood pressure, and smoking behavior could mediate the protective role of education on the risk of cardiovascular outcomes, including coronary heart disease, stroke, myocardial infarction, and cardiovascular disease (all subtypes; all measured in OR).

Liang et al. (2021) identified that educational attainment protected against type 2 diabetes independently of cognitive performance. Rosoff et al. (2020) found that educational attainment could reduce the risk of suicide attempts in individuals with and without psychiatric disorders independent of cognition. Zhang et al. (2020) found that high educational attainment, but not cognitive performance, was causally associated with a reduced risk of amyotrophic lateral sclerosis. Meanwhile, MR studies have found that increased education could reduce the risk of ischemic stroke (Gill et al., 2019; Xiuyun et al., 2020; Harshfield et al., 2021) and Alzheimer’s disease (Larsson et al., 2017; Anderson et al., 2020; Andrews et al., 2021; Zhuang et al., 2021a). Anderson et al. (2020) recently examined whether educational attainment and cognitive performance had causal effects on the risk of Alzheimer’s disease, independently of each other. They found that educational attainment affected the risk of Alzheimer’s disease dependently of cognitive performance (Anderson et al., 2020). However, cognitive performance affected the risk of Alzheimer’s disease independently of educational attainment (Anderson et al., 2020).

Hence, all these findings discussed earlier indicated that educational attainment had causal effects on the risk of epilepsy (Wang et al., 2021), coronary heart disease (Gill et al., 2019), stroke (Gill et al., 2019), type 2 diabetes (Liang et al., 2021), and suicide attempt (Rosoff et al., 2020), independently of cognitive performance. However, the causal effect of educational attainment on the risk of Alzheimer’s disease may be mediated by cognitive performance (Anderson et al., 2020). Our findings are consistent with recent MR findings in other human complex diseases or phenotypes.

Since 2018, multiple large-scale asthma GWAS datasets have been reported, as described in the Introduction. Here, we only selected the large-scale asthma GWAS dataset in 30,810 individuals of European ancestry from Shrine et al. (2019). In brief, these GWAS samples are from GASP, U-BIOPRED, and the UK Biobank (Shrine et al., 2019). In 2018, TAGC examined the common asthma variants by a meta-analysis of worldwide asthma GWAS datasets, including 23,948 asthma cases and 118,538 controls (Demenais et al., 2018). However, all these individuals are from ethnically diverse populations, including European ancestry, African ancestry, Japanese ancestry, and Latino ancestry (Demenais et al., 2018). It is known that all these selected educational attainment genetic variants are from the large-scale GWAS dataset in individuals of European descent (n = 405,072) (Okbay et al., 2016). Hence, we did not select the asthma GWAS dataset from TAGC in our MR analysis (Demenais et al., 2018). Zhu et al. (2018) conducted a genome-wide cross-trait analysis to investigate the shared genetic etiology in asthma and allergic diseases by analyzing large-scale GWAS datasets from the UK Biobank, including 25,685 allergic diseases subjects, 14,085 asthma subjects, and 76,768 controls. Hence, both Shrine et al. (2019) and Zhu et al. (2018) have used the UK Biobank samples. Hence, we did not select the asthma GWAS dataset from Zhu et al. (2018) in our MR analysis. Han et al. (2020) conducted a GWAS using 64,538 asthma cases and 329,321 controls from UK Biobank and then performed a meta-analysis using the UK Biobank and the TAGC datasets. However, they did provide the effect size and the corresponding standard error for each variant in the GWAS summary dataset (Han et al., 2020). Importantly, there is a sample overlap in both studies from Shrine et al. (2019) and Han et al. (2020), as both shared the UK Biobank samples. Hence, we did not select the GWAS dataset from the UK Biobank or the GWAS dataset from the meta-analysis of the UK Biobank and TAGC in our MR analysis (Han et al., 2020).

Meanwhile, our MR analysis still has some limitations. First, our findings are based on the educational attainment GWAS dataset and asthma GWAS dataset in individuals of European ancestry (Okbay et al., 2016; Shrine et al., 2019). It remains unclear about the causal association between educational attainment and asthma in other ancestries. Hence, replication MR studies are required to investigate our findings in the future. Second, both the educational attainment GWAS dataset and asthma GWAS dataset include the samples from the UK Biobank (Okbay et al., 2016; Shrine et al., 2019). In brief, the replication stage in the educational attainment GWAS dataset included 111,349 individuals from the UK Biobank (Okbay et al., 2016). The asthma GWAS dataset included 2,996 asthma cases from the UK Biobank and 25,600 controls from the UK Biobank (Shrine et al., 2019). Hence, the educational attainment GWAS dataset and the asthma GWAS dataset may not be independent. Hence, independent GWAS datasets are also required to evaluate our findings further.

In summary, we highlight the protective role of educational attainment against asthma with 100% statistical power using univariable MR analysis. Meanwhile, we provide evidence to support that educational attainment protects against asthma risk dependently on cognitive performance using multivariable MR analysis. Our findings may have public health applications and deserve further investigation.
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Phenotypes Cases (n =5,135) Controls (n = 25,675)

Age, years 55 (12) 56 (8)
Female 3,170 (61.7%) 14,626 (57.0%)
Male 1,965 (38.3%) 11,049 (43.0%)
FEV1, % predicted 72.4% (21.4) 91.8% (17.4)
FEV1/FVC 0.67 (0.12) 0.76 (0.06)
Smoking status Ever smoker 2,265 (44.1%) 11,913 (46.4%)
Smoking status Never smoker 2,647 (51.6%) 13,487 (52.5%)
Smoking status Unknown 223 (4.3%) 275 (1.1%)
Rhinitis or eczema status Yes 1,897 (36.9%) af
Rhinitis or eczema status No 2,062 (40.2%) 25 6671
Rhinitis or eczema status Unknown 1,176 (22.9%) of
Rhinitis or eczema status Oral 222/3,710 (6.0%) NA

corticosteroid use (prednisolone)

Data are mean (SD) or n (%), unless otherwise stated.

FEV1, forced expiratory volume in 1 s; FVC, forced vital capacity; NA,
not applicable; U-BIOPRED, Unbiased biomarkers in prediction of respiratory
disease outcomes.

T Patients in the U-BIOPRED cohort were not screened for rhinitis or eczema before
sample selection but were subsequently found to comprise eight patients with
rhinitis, eczema, or allergy.
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