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Genome-wide association studies (GWAS) have contributed to the identification of 

genetic variants associated with coronary artery disease (CAD); a recent GWAS meta-

analysis reported 66 loci significantly associated with CAD.
1
 However, the heritability 

explained by these loci remains low, around 15%. One of the limitations of GWAS is 

the likelihood of false negative results related to the strict and commonly defined 

genome-wide significance threshold that accounts for multiple comparisons using the 

Bonferroni correction (p-value < 5×10
–8

). Other methods to correct for the high number 

of comparisons, such as false discovery rate, provide a larger number of associated loci, 

but the explained heritability remains around 21%.
2
 

 

The debate about the role of genetics (nature) versus the role of environmental factors 

(nuture) on health has classically confronted and opposed these two influences, but the 

interplay between the two also contributes to the pathogenesis of complex diseases and 

could partially explain the missing heritability of CAD. The gene-environment 

interaction (G×E) adds complexity to the already complex individual roles of genes and 

environment in the etiology of some diseases, such as CAD. There are several reasons 

to study G×E interactions: helping to unravel the pathogenic mechanisms of a disease 

such as in phenylketonuria (i.e., two necessary causes)
3
 but also in complex diseases;

4
 

from a public health perspective, identifying the subset of individuals in whom a 

preventive intervention could have the most beneficial effect; and, finally, improving 

the model fit or its predictive capability via the inclusion of interaction terms in 

multivariate models. 

 

There are several examples of established G×E interactions, with the clearest ones 

related to Mendelian diseases in which both the presence of a genetic variant and the 



presence of an environmental factor are necessary for the occurrence of the clinical 

phenotype. One of the most well-known examples is phenylketonuria,
3
 a disease caused 

by a defect in the gene encoding the enzyme phenylalanine hydroxylase that results in 

the accumulation of this amino acid and intellectual disability. A phenylalanine-

restricted diet minimizes or prevents most of the neuropsychological complications 

caused by this genetic variation. However, unraveling G×E interactions related to 

complex diseases is not a straightforward enterprise. In a recent report Ritz et al. 

presented some examples of G×E interactions and extracted some lessons from these 

successes.
5
 In this issue of Circulation: Precision and Genomic Medicine, Hindy et al.
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illustrate an interaction between smoking and a polygenic risk score including 50 SNPs 

associated with CAD. 

 

In this editorial, I will address some of the main features of G×E interactions and their 

implications for the design and analysis of studies such as that presented by Hindy et al. 

 

Sample size and statistical power 

 

There are two main factors that influence the statistical power and the sample size 

required for the study of G×E interactions: the effect size and the quality of the 

assessment of environment variables. 

 

With the exception of a few number of G×E interactions, such as the interaction 

between smoking and HLA genotypes in the risk of multiple sclerosis,
7
 the effect sizes 

of G×E interactions in complex diseases are usually small. Even when the effect size is 

big, stratified analyses can reduce the power of the study. Therefore, well-powered 



studies are required to unveil these G×E interactions,
8
 and collaborative efforts such as 

the ―Gene-Lifestyle Interactions Working Group‖ are necessary to systematically 

evaluate these interactions.
9
 

 

One of the main problems related to G×E interaction analyses is the assessment of 

environment variables and the measurement error, which introduces a non-differential 

bias underestimating the real effect size. New methodologies and initiatives are being 

developed to improve this assessment, and new concepts such as the ―exposome‖ have 

been proposed and accepted by the scientific community.
10

 The exposome is aimed at 

measuring not only external exposures but also internal signatures of these exposures 

such as DNA methylation profiles, transcriptome signatures, or other type of 

biomarkers.
11

  

 

Hindy et al. categorized the exposure to smoking in three categories (never smokers, 

former smokers and current smokers) as is usually done in most epidemiological 

studies. However, a more refined exposure to smoking including the quantity of 

cigarettes smoked per day, the lifetime exposure to smoking (including early life 

exposure to passive smoking), or the use of biomarkers could have provide additional 

information/power to the study. 

 

Interaction scale 

 

The combined effect of two exposures (gene and environment) can be assessed using an 

additive effect or a multiplicative effect.
12

 When the outcome is a continuous trait, 

multivariate analysis including the interaction term explores the departure from an 



additive effect. When the outcome is binary, multivariate analysis explores the 

departure from a multiplicative effect and, commonly, the presence of an interaction in 

the additive scale is not explored. Several statistics such as the relative excess risk due 

to interaction (RERI) have been proposed to explore for the departure from an additive 

effect.
13

 

 

Hindy et al. report that the combined effect of smoking and genetic risk is less than 

multiplicative. They do not explore the presence of a more-than-additive combined 

effect. In a recent report in which we analyzed the departure from an additive effect and 

multiplicative effect of the genetic risk load related to classical cardiovascular risk 

factors on CAD, we observed that the confluence of low-density lipoprotein cholesterol- 

and triglyceride-related genetic risk load has an additive effect on CAD risk, whereas 

the interaction between low-density lipoprotein cholesterol and CAD genetic load is 

more than multiplicative, supporting the hazardous impact on atherosclerosis 

progression of the combination of inflammation and increased lipid levels.
13

 

 

Candidate gene vs. genome-wide vs. genetic risk load approaches 

 

The candidate gene approach is the most commonly used with several examples in the 

cardiovascular area including environment variables that modify the effect size of 

genetic variants associated with CAD
14

 and also genetic variants that modify the 

efficacy or the side effects of some drugs (pharmacogenetic).
15

 Now with the 

availability of genome-wide and environmental data from hundreds of thousands of 

individuals, an agnostic approach, without previous hypotheses, is also being 

implemented in new consortia and biobanks.
9
 This approach based on single variants 



could contribute to the understanding of the pathogenesis of the disease under study and 

have public health implications. One of the most well-known interactions is the 

modifying effect of physical activity on the association between FTO genetic variants 

and obesity, which is attenuated by ~30% in physically active compared to inactive 

individuals.
16

 

 

Hindy et al. use an alternative method, defining a genetic risk score and analyzing the 

interaction between this genetic risk load and smoking on CAD. This approach is 

becoming more popular and could contribute to the identification of subgroups of the 

population that would obtain higher benefits from modifying their exposure to the 

environmental factor under study.
17

 

 

Methodological challenges  

 

Classical case-control studies, case-only studies, and new 2-stage study designs
18

 

including new statistical analysis strategies
19

 are being implemented. Replication of 

findings in independent cohorts is a key element of genetic association studies; 

however, replication of G×E interactions is not always a feasible strategy, and new 

approaches using biological knowledge and functional validation have been proposed.
20

 

 

In the coming years, we can expect that new G×E interaction analyses will be 

performed more frequently, will contribute to the discovery of new loci and new 

mechanisms related to complex diseases, will improve the predictive capacity of risk 

functions, and will identify subsets of the population that would obtain the greatest 



benefit from modifying lifestyle or the exposure to environmental factors—a key goal 

of precision medicine. 
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