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Abstract 

Introduction: Observational studies have shown that more educated people are at lower risk of 

developing type 2 diabetes (T2D). However, robust study designs are needed to investigate the 

likelihood that such relationship is causal. This study used genetic instruments for education to 

estimate the effect of education on T2D using the Mendelian Randomization (MR) approach 

 

Methods: Analyses have been conducted in the EPIC-InterAct study (more than 20,000 individuals), 

a case-cohort study of T2D nested in the European Prospective Investigation into Cancer and 

Nutrition cohort. Education was measured as Years of Education and Relative Index of Inequality. 

Prentice-weighted Cox-models were performed to estimate the association between education and 

T2D. One-sample MR analyses investigated whether genetic predisposition towards longer 

education was associated with risk of T2D and to investigate potential mediators of the association. 

 

Results: MR estimates indicated a risk reduction of about 15% for each year of longer education on 

the risk of developing T2D, confirming the protective role estimated by observational models 

(Hazard Ratio=0.96, 95%Confidence Interval=(0.95-0.96)). MR analyses on putative mediators 

showed a significant role of education on Body Mass Index, alcohol consumption, adherence to the 

Mediterranean diet and smoking habits.  

 

Conclusion: The results supported the hypothesis that higher education is a protective factor for the 

risk of developing T2D. Based on its position in the causal chain, education may be antecedent of 

other known risk factors for T2D including unhealthy behaviours. These findings reinforce evidence 

obtained through observational study designs and bridge the gap between correlation and 

causation.  
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What is already known about this subject?  

• Observational studies showed an inverse association between educational attainment and 

Type 2 diabetes (T2D). 

• Mendelian Randomization (MR) can overcome typical bias of observational studies and can 

be used to infer causality. 

• Two-sample MR studies increased evidence on the causality of this association. 

What this study adds  

• One-sample MR showed an inverse association between educational attainment and T2D 

incidence. 

• The results are consistent using different indices to measure educational attainment.  

• Potential mediators of this association should be sought in Body Mass Index and in smoking, 

drinking, and eating habits. 

How this study might affect research, practice or policy  

• The findings may drive preventive policies: targeting both people more at risk and potential 

mechanisms able to explain the inequalities, the burden of T2D may be reduced. 
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Introduction 

Type 2 diabetes (T2D) is one of the most concerning health issues worldwide. Recent studies [1] 

estimated that more than 6% of the world’s population is currently affected by T2D and both its 

incidence and prevalence are expected to increase in the future. T2D often results in severe 

complications, requiring expensive and long-lasting treatments [2]. Since T2D is a chronic condition, 

preventive measures play a key role in reducing its burden on public health. Such preventive 

interventions need to be based on a sound understanding of the determinants of T2D. 

Observational studies [3], [4] have identified socioeconomic position (SEP) as an important 

determinant of T2D. These studies show that in high-income countries individuals with lower SEP 

are more likely to develop T2D than those with higher SEP. Possible explanations for this association 

may link to differential exposure, detrimental behaviours, and stressors, as well as differential 

access to health-care services [5]. In observational studies, however, it is often difficult to 

discriminate between association and causation due to the potential for such studies to be affected 

by confounding and reverse causality. 

Randomized clinical trials (RCTs) have traditionally been considered the gold standard approach for 

the investigation of causality, since random allocation of individuals to the exposure of interest 

reduces the likelihood of both measured and unmeasured confounding [6]. However, RCTs are 

rarely feasible in the context of social epidemiology. The Mendelian Randomization (MR) approach 

takes advantage of the random allocation at meiosis of genetic variants which can be used as a proxy 

for the exposure and can facilitate the investigation of potential causal relationships in observational 

studies [7]. 

Two Genome Wide Association Studies (GWAS) [8], [9] performed in the last decade identified 

several Single Nucleotide Polymorphisms (SNPs) associated with educational attainment, which is 

one of the most stable proxies for SEP [10]. 

Starting from summary statistics obtained by these two GWAS [8], [9], several researchers have 

explored the causal relationship between educational attainment and T2D [11], [12], [13], [14], 

[15],[16] mainly through two-sample MR designs. Results yielded to different conclusions: some 

found a protective effect of higher education on T2D [11], [12], [13], [14], while others reported null 

associations [15],[16]. 

In this study, to test and estimate the causal effect of educational attainment on T2D incidence, we 

combined more than one thousand genetic variants to predict educational attainment and then we 

performed one-sample MR analyses. To the best of our current knowledge, our analyses are the 
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first use of MR using individual-level data to investigate this association considering the genetic 

variants discovered by Lee et al. [9]. Indeed, one-sample MR analyses were performed only in a 

recently published paper [17], where only genetic variants obtained by the less recent GWAS on 

educational attainment [8] were used. We also tested MR models considering putative mediators 

of the association between educational attainment and T2D including smoking and drinking habits, 

adherence to the Mediterranean diet, Body Mass Index (BMI) and physical activity. 

Methods 

Study participants 

The analyses were performed using data from the EPIC-InterAct study, a case-cohort nested in the 

European Prospective Investigation into Cancer and Nutrition (EPIC) cohort [18]. The EPIC cohort 

consists of more than 500,000 volunteers recruited between 1992 and 2000 in ten European 

countries. Baseline information regarding lifestyle behaviours, indicators for SEP, and pre-existing 

clinical conditions were collected using standardized questionnaires. Blood samples were collected 

and stored at recruitment for about 380,000 participants.  

The EPIC-InterAct study was designed to investigate how genetic and behavioural risk factors affect 

the risk of developing T2D [19]. 12,403 cases of incident T2D from eight of the ten EPIC countries 

were included (Denmark, France, Germany, Italy, Spain, Sweden, The Netherlands, and United 

Kingdom), together with a randomly selected sub-cohort consisting of about 16,000 individuals. As 

a feature of a case-cohort study, there was an overlap of 778 cases in the cases and the sub-cohort. 

Selection of SNPs and definition of genetic-risk scores 

Genotyping in EPIC-InterAct was performed using the Illumina Human Core Exome array and the 

Illumina Human Quad 660 array. 

1,259 out of the 1,271 SNPs identified by Lee et al. [9] were available in the EPIC-InterAct case-

cohort. 102 palindromic SNPs with an effect allele frequency between 0.3 and 0.7 were excluded, 

and thus 1,157 SNPs (Supplementary Table 1) were included to build a genetic risk scores (GRS), 

namely a linear combination of risk alleles and external weights. Formally, each participant i with g 

copies of the risk alleles k with a specific weight wk was attributed a GRS equal to ∑  𝐾𝑘=0  wkgik. 

Since using weights estimated from independent cohorts which are similar and well powered is 

thought to be the best approach for building weighted allele scores [20], we considered as weights 

the effect estimates computed in the original GWAS [9].  

Definition of SEP  
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SEP was measured as educational attainment as the number of years of schooling completed, a 

similar phenotype to that studied by the original GWAS [9]. In detail, we transformed the available 

variable indicating the highest school level achieved using the International Standard Classification 

of Education (ISCED) and imputed a new variable, Years of Education (YoE), equivalent for each 

ISCED value.  

Since the EPIC-InterAct case-cohort consists of men and women born in different European 

countries throughout the twentieth century, we computed Relative Index of Inequality (RII), which 

allows educational levels to be compared [21]. Each individual was assigned a value between 0 and 

1, depending on the proportion of individuals with their own educational level in the subgroup of 

participants from the same country of origin, sex, and age (10-years intervals). We then computed 

(1-RII) times 20, referred to as transformed RII (RIIt), to make it comparable with the YoE variable. 

Indeed 20 is the maximum value for YoE. 

Definition of putative mediators  

We investigated which risk factors were identified in the literature as putative mediators of the 

association between education and T2D, and selected those available in the EPIC-InterAct database. 

We considered continuous measurements for Body Mass Index (BMI), daily alcohol consumption 

(grams), Mediterranean diet score [22], and dichotomous measurements for smoking habits (never 

vs former/current) and physical activity [23] (inactive/moderately inactive vs moderately 

active/active).  

Descriptive analysis 

We used frequencies and percentages to describe categorical variables, while we used means and 

standard deviations for continuous variables. 

Observational analysis 

The separate observational associations between YoE or RIIt and T2D were estimated by Prentice-

weighted Cox regressions in the case-cohort, using days of follow up as the underlying time scale. 

We adjusted the first model considering YoE as exposure with age, sex, and country, while none 

covariate was added for the model with RIIt as the exposure, since these have been accounted for 

when calculating the index. 

Furthermore, we estimated observational association between YoE or RIIt and possible mediators. 

We performed linear and logistic regressions, according to the distribution of each single mediator, 

on the EPIC-Interact subcohort. 
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MR analyses  

The MR consists of using a genetic variable, GRS in our study, as an instrumental variable to mimic 

a randomization process for the exposure. To infer causality of the association between exposure 

and outcome, three assumptions have to be fulfilled: (1) GRS must be reproducibly associated with 

the exposure, (2) must not be associated with confounders, and (3) its association with the outcome 

should pass only through the exposure (Figure 1). 

The availability of information regarding genetic variants, exposure and outcome for each individual, 

allowed us to perform individual-level (one-sample) MR analyses.  

Firstly, regressions of the GRS on the exposures (YoE and RIIt) were performed to evaluate the 

strength of the instrumental variables through F-statistic (expected to be higher than ten [24]) and 

the explained variance (R2). 

Afterwards, the causal estimates were estimated through the Two-Stage Least Square (2SLS) 

method, which consists of a first stage regression of the genetic score on the exposure and of a 

second stage regression of the predicted values obtained from the first stage on the outcome. Due 

to the nature of the study (case-cohort) and of the outcome, we performed a linear regression of 

the genetic scores on the exposures only in the sub-cohort and then Prentice-weighted Cox 

regression of the predicted values on the incidence of T2D in the overall case-cohort. We adjusted 

both first and second stage of regression for the first ten principal components (PC) of ancestry and 

genotyping array. Lastly, as for observational analyses, we additionally adjusted for sex, age, and 

country only when YoE was considered as exposure, not with RIIt.  

We additionally performed MR analyses considering as outcomes the putative mediators of the 

association. As represented in Figure 2, the presence of mediators does not violate the assumptions 

of MR [25], while it allows us to perform further MR analyses considering the same GRS. BMI, daily 

alcohol consumption, Mediterranean diet score, smoking habits and physical activity were 

considered as putative mediators. These variables were all collected after completion of 

participant’s highest attained educational level, and thus after the exposure and before the 

outcome of our study, as a causal sequence requires.  

Similar to the primary MR analyses, the causal estimates for BMI, daily alcohol consumption, and 

Mediterranean diet score were estimated through the 2SLS method with unaltered first stage (linear 

regressions), and linear regressions for the second stages, both performed in the subcohort. For 

dichotomous outcomes (smoking status and physical activity) we conducted the first stage in the 
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group of controls (never smokers or inactive/moderately inactive subcohort individuals) and, as 

second stage, we estimated Odds Ratio through logistic regressions in the overall subcohort. 

Sensitivity analyses 

To investigate one of the biggest threats to MR, i.e. horizontal pleiotropy, a set of sensitivity analyses 

were performed, performing a two-sample MR. Summary statistics for the educational attainment 

were obtained by the original GWAS [9], while summary statistics for the outcome (T2D) were 

computed on this EPIC-Interact case-cohort study.  

Analyses were performed using the Software R (version 4.2.3) [26], [27], [28] 

Results 

Descriptive analysis 

Analyses were performed on 12,549 individuals in the random sub-cohort, and 9,568 participants in 

the case group, with an overlap between of 587 individuals (Supplementary Figure 1). 

Table 1 shows the baseline characteristics of individuals in the EPIC-InterAct case-cohort study.  

Table 1 Descriptive analyses for participants in the EPIC-InterAct case-cohort study. Abbreviations: BMI=Body Mass Index, 

RIIt=transformed Relative Index of Inequality 

                       
random sub-

cohort  
total cases 

N                             11,962 8981 

Age, years (mean ± SD)        52.25 ± 9.23 55.64 ± 7.62 

Sex N(%) 
M 4533 ( 37.9) 4504 ( 50.2) 

F 7429 ( 62.1) 4477 ( 49.8) 

Follow-up time, days (mean ± SD)  
4445.36 ± 734.66 2477.90 ± 

1207.49 

Years of Education (mean ± SD)        11.03 ± 5.50 9.64 ± 5.04 

Country N(%) 

France 318 (  2.7) 143 (  1.6) 

Italy 1426 ( 11.9) 1009 ( 11.2) 

Spain 2354 ( 19.7) 1591 ( 17.7) 

United Kingdom 899 (  7.5) 662 (  7.4) 

The Netherlands 1142 (  9.5) 594 (  6.6) 

Germany 1734 ( 14.5) 1315 ( 14.6) 

Sweden 2323 ( 19.4) 1994 ( 22.2) 

Denmark 1766 ( 14.8) 1673 ( 18.6) 

Relative Index of Inequality (mean ± SD)        0.47 ± 0.27 0.53 ± 0.26 
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Relative Index of Inequality 

transformed (mean ± SD) 
 10.55 (5.42) 9.32 (5.24) 

BMI, kg/m2 (mean ± SD)        25.78 ± 4.04 29.66 ± 4.74 

Daily alcohol intake, g (mean ± SD)        13.52 ± 18.50 14.70 ± 21.60 

Mediterranean Diet Score (mean ± SD)        8.53 ± 3.13 8.05 ± 3.18 

Cambridge Physical Activity Index N(%) 

Inactive 2676 ( 22.5) 2655 ( 29.8) 

Moderately 

inactive 
3998 ( 33.7) 2943 ( 33.0) 

Moderately active 2744 ( 23.1) 1796 ( 20.1) 

Active 2454 ( 20.7) 1529 ( 17.1) 

Smoking Status N(%)         

Never 5547 ( 46.6) 3621 ( 40.5) 

Former 3223 ( 27.1) 2795 ( 31.3) 

Smoker 3131 ( 26.3) 2524 ( 28.2) 

 

Observational analysis 

The Prentice-weighted Cox models showed a statistically significant inverse association between 

educational level and the incidence of T2D. A higher educational level, both measured through YoE 

and RIIt, was associated with a lower risk of developing T2D (Hazard Ratio (HR)YoE=0.956, 

95%Confidence Interval (CI)=(0.951-0.961); HRRIIt= 0.959, 95%CI=(0.954-0.964)).  

Results of the association between YoE or RIIt and possible mediators of the association are reported 

in Supplementary Table 2 and depicted in Figure 3. 

MR analysis on T2D 

As shown in Table 2, according to both the indices F-statistic and R2, the GRS appeared to be a good 

instrumental variable both for RIIt and YoE as exposures (with better values with RIIt). Both the linear 

regressions of the GRS on the exposures (1° stage) showed a significant and positive association, 

i.e., a correspondence between the increasing in the GRS and the level of education. Similarly, both 

the causal estimates obtained by the 2° stage, showed a protective and significant role of a higher 

level of education for the development of T2D (HR<1). 

The two-sample MR analysis aimed at detecting horizontal pleiotropy suggested that no individual 

SNP significantly biased our results due to pleiotropic effects. The average pleiotropic effect was 

near zero and appeared to be well-balanced (Supplementary material). 

Table 2 Results of the MR-analyses on the association between educational attainment and type 2 diabetes in the EPIC-InterAct 

case-cohort study. 1° stage is the regression of the GRS on the exposure (YoE or RIIt), 2° stage is the regression of the predicted 
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values in the 1° stage on the outcome (type 2 diabetes). Abbreviations: YoE=Years of Education, RIIt= transformed Relative Index of 

Inequality, GRS=Genetic Risk Score. aConfidence Interval obtained by the bootstrap method to take into account the uncertainty 

introduced by the two-stage process 

  
F-

statistic 
R2 1° stage (β (95%CI)) 2° stage (HR (95%CI)) 

GRS  

YoE 258.1 2.0% 3.043 (2.720-3.366) 
0.834 (0.805-0.864) 

(0.812-0.864)a 

RIIt 381.0 2.9% 3.486 (3.134-3.838) 
0.854 (0.829-0.880) 

(0.826-0.880)a 

Analysis on potential mediators  

MR analyses performed considering as outcomes putative mediators showed that higher 

educational level may be causally linked to lower BMI and likelihood of smoking, and to higher 

alcohol consumption and greater adherence to the Mediterranean diet, while no significant results 

were found for physical activity. Details are reported by Figure 3 and Supplementary Table 2. 

Discussion 

Our study investigated the association between educational attainment, as proxy for SEP, and 

incidence of T2D. Our results suggest that a higher level of YoE is causally associated with a lower 

risk T2D with an effect approximately equivalent to 15% lower risk for each additional year of 

education. In an investigation on lifestyle-related factors suggests that a greater number of YoE is 

causally associated with lower BMI, lower likelihood of smoking, higher alcohol consumption and 

greater adherence to the Mediterranean diet. These factors may be potential mediators in the 

association, as their plausibility within the first part of the causal pathway is supported, i.e. the 

exposure appears to influence some potential mediators. 

Previous analyses of SEP and T2D 

Several researchers have investigated the association between SEP and T2D in observational studies 

[29], [30] providing generally consistent evidence of an association, regardless of which index is used 

to measure SEP. 

In a recent review [29], Lago-Peñas et al. reported uniform results among different studies 

evaluating the association between both childhood and adulthood SEP with incidence of T2D in later 

age. Regardless of its measurements, low SEP was consistently associated with a higher risk of 

developing T2D.  

Previous MR analyses 
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In recent years the availability of sequencing data in large consortia has allowed researchers to 

deploy MR approaches to investigate the causal nature of relationships described in observational 

studies. Several MR analyses have been performed to explore the association between SEP and T2D 

incidence, with different results [11]. In 2020, two-sample MR analyses [11], [12] showed a 

statistically significant protective effect of additional years of schooling on T2D [12]. Subsequently, 

Liang et al. [13], Zhang et al. [14], and Davies et al. [17] confirmed this result. 

However, in 2017, Tillman et al. [15] estimated an association with T2D in the anticipated direction, 

but with a confidence interval including the null value, and in 2021, Ne-Ek et al. [16] reported 

inconsistent findings between the cohort study and MR analyses: even though observational 

evidence highlighted that individuals in the low education level were at increased risk of developing 

T2D compared to the high education group, MR analysis suggested null associations.  

Potential mechanisms 

Traditional observational studies have estimated that about 30-45% of the association between SEP 

and T2D may be explained by differences in behavioural risk factors, such as obesity, smoking and 

alcohol consumption, and in biological risk markers, such as systolic blood pressure and triglycerides 

[31], [32]. A two-step two-sample MR analysis [14], using genetic variants associated with putative 

mediators, has estimated a higher proportion, and accounted for about 80% of the total effect, 

explained by BMI, smoking, watching television, and systolic and diastolic blood pressure. Evidence 

obtained through these different study designs [14], [31], [32] suggests that conventional risk 

factors may explain only a fraction of the total effect, suggesting the need to investigate other 

factors that may mediate the relationship between education and T2D risk. These could include the 

fact that education promotes better health service utilization, from higher health literacy (i.e. 

adherence to health behaviour recommendations, interpretation of symptoms, healthcare seeking 

and communication) to fewer financial barriers to care [14].  

Furthermore, several hypotheses have been put forward in order to understand if the cumulative 

burden caused by chronic challenging conditions may explain how SEP gets biologically embedded. 

People with a low SEP may experience conditions of stress more often compared to their high SEP 

counterparts, independently of behavioural risk factors[33]. In addition to systolic and diastolic 

blood pressure, other altered multisystem responses to stress, such as heart rate, total cholesterol, 

salivary cortisol, and plasma IL-6 levels, could be measured and considered as putative mediators 

[34].  

Strength and limitations 
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Our study adds high quality evidence to similar results obtained by different epidemiological study 

designs, reinforcing the plausibility of the reported associations. The strengths of this study lie in a 

robust and well powered European case-cohort design, with the availability of individual level data 

on each variable involved in the framework and in the MR approach. This has made it possible to 

avoid common biases of observational studies [7].  

We avoided the threat of the so-called winner’s curse phenomenon, that may cause an 

overestimation of the true causal effect [35], by selecting the instruments for the exposure from 

external GWAS.  

Furthermore, our one-sample MR analysis offers the possibility of comparing the results obtained 

by two-sample MR analyses. Genetic variants are likely to explain a small proportion of SEP variance 

and so be weak predictors of it. When weak instruments are used, one-sample and two-sample MR 

analyses may be biased in different directions. One-sample MR analyses will give results biased 

towards the confounded regression analysis results, while two-sample MR analyses will return 

results biased towards the null [36]. Our one-sample MR analysis returned results similar to the 

already cited previous two-sample MR-analyses, with the exception of [16], in which null results 

may be explained by weaker instruments for the exposure. 

However, specific attention should be paid when applying the MR approach with complex and distal 

phenotypes, such as education attainment, where the effects of genetic variants may operate 

through composite biological, behavioural, and social pathways [37]. Indeed, genetic variants may 

affect a phenotype different from the exposure of interest which may not be on the causal pathway 

between the exposure and the outcome, resulting in a phenomenon called horizontal pleiotropy, 

which violates the third assumption required by MR. To our knowledge, the variants included in the 

GRS were not associated with any factors that have these characteristics and a two-sample MR, with 

specific sensitivity analyses to detect horizontal pleiotropy, showed no evidence of pleiotropic 

effects. 

When an offspring’s phenotype is influenced not just through the inheritance of the genotype, but 

also by parents’ phenotype, the so-called dynastic effect may occur [38]. This happens when the 

parents’ phenotype affects the environment in which their offspring grows with the consequence 

that offspring phenotype is driven by environmental inheritance, even when those offspring do not 

inherit the genetic variants associated with the phenotype. Dynastic effect can cause bias and false 

positive results in MR studies in social epidemiology. However, only cohort studies that incorporate 
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genetic information from sibling samples, parents, and offspring would allow for the investigation 

and reduction of these possible biases [39]. 

Lastly, our analyses exploit GWAS performed on Western European populations, which reduces the 

generalizability of the results to populations with different genetic ancestry [40].  

Conclusion 

The results from this study contribute to our understanding about the association between 

educational attainment and the incidence of T2D. Educational attainment is influenced by a wide 

range of factors and it is not solely determined by genetics. The GRS served as a weak instrument 

for educational attainment, but allowed us to utilize genetic findings to enhance the evidence on 

this significant topic. MR enables causal estimation by simulating an experimental design within an 

observational framework, minimizing the potential effects of residual confounding or reverse 

causation, but should always be reinforced together with findings from other epidemiological study 

designs. No single statistical method can definitively answer causal questions, but combining 

evidence obtained from diverse methodologies can help to validate research hypotheses.  
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LEGENDS 

Figure 1: Directed acyclic graph (DAG) depicting the hypothesized connections among variables in 

the Mendelian Randomization (MR) analysis variables in the EPIC-InterAct study. Solid lines 

represent the associations to be fulfilled, while dotted lines represent the associations which are 

supposed to be absent to perform MR. The numbers denote the MR assumptions as described in 

the main text. 

Figure 2: DAG representing the hypothesized connections considered to perform the MR analyses 

(reported in the rectangle) to investigate the association between educational attainment and 

putative mediators of the association between educational attainment and T2D. Solid lines 

represent the associations to be fulfilled, while dotted lines represent the associations which are 

supposed to be absent to perform MR. The numbers denote the MR assumptions as described in 

the main text. 

Figure 3: Results of the observational and MR-analyses investigating the association between 

educational attainment (EA) and potential mediator of the association between EA (measured as 

YoE and RIIt ) and T2D in the EPIC-InterAct sub-cohort. 

Supplementary Figure 1: Workflow followed to select participants from the original EPIC-Interact 

case-cohort study 
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