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Abstract

Although there is an extensive literature on causality assessment for environmental causes of disease (starting with Henle-Koch criteria and through the discussion prompted by the smoking-lung cancer debate in the fifties), very little has been published on causal assessment for the association between genes and disease, and even less on gene-environment interactions. In this paper, we propose a two-step practical approach to the assessment of causal relationships in genomics, based on Bradford Hill’s guidelines (BH) as elaborated for environmental epidemiology, and the more recent developments in graphical models of causality. These two approaches represent complementary strategies to causality assessment and respond to largely different purposes. The first (BH) uses a set of rules to identify those associations that are more likely to be causal. The application of BH guidelines to genetics is not straightforward, and sometimes misleading, and becomes very complex if one wants to study gene-environment interactions, as we exemplify with Parkinson’s disease. The directed acyclic graph (DAG) approach to tackling gene-environment interaction has recently had some exposure in the epidemiologic literature with papers by VanderWeele and Robins and by Weinberg. Both papers show that graphical models are very useful in understanding the problems of effect modification. The graphical approach has some merit particularly to clarify complex causal pathways, where one or more variables not only interact, but are intermediate in a biological pathway. While neither approach (BH or DAG) is ideal, their combination can help in assessing the strength of evidence, and in disentangling – in a visual way but also with appropriate algorithms – the roles played by genes, environmental exposures and their interactions in common diseases.
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Introduction

Observational epidemiologic studies are vulnerable to methodological biases such as selection and confounding that make causal inferences particularly difficult. Genetic associations are no exception, although some have argued that because of the random assortment of alleles in meiosis, the study of genetic associations may be comparable to controlled clinical trials (so called “Mendelian randomization”, see below). Nevertheless, there are well known methodological challenges in interpreting gene-disease associations from a causal perspective, e.g. epistasis, linkage disequilibrium, and gene-environment interactions1. In this paper, we identify some of the main problems that have been encountered so far and review a two-step practical approach to the assessment of causal relationships in genomics, based on Bradford Hill’s criteria as elaborated for environmental epidemiology2, and on the more recent developments in graphical models of causality3-7. These two models represent the most popular current approaches to causality assessment in epidemiology, and although they respond to different requirements, they can be combined to improve understanding of common complex diseases.



In 2006, a Human Genome Epidemiology Network (HuGENet) workshop in Venice was devoted to the development of standardized criteria for the assessment of the epidemiological strength of the cumulative evidence on genes and disease. The criteria are presented in detail elsewhere1. Briefly, according to the “Venice guidelines” each association is graded on the basis of the amount of evidence, replication, and protection from bias. However, so far, the more biological and pathogenetic issues involved in causality assessment in genetics have not been addressed.

DAGs as tools to clarify gene-environment associations and causal relationships



The web of causal and pathogenetic relationships between disease, exposure, genes and other biomarkers can easily be visualised using graphical models, as these can describe and clarify the relationships among the variables of interest and under some circumstances, make inference about cause-effect relationships5,8.In this paper, we use  Directed Acyclic Graphs (DAGs), a special type of graphical model9, to describe the nature of gene-environment interactions. The DAG approach to tackling gene-environment interaction has recently had some exposure in the epidemiologic literature with papers by VanderWeele and Robins3,4 as well as Weinberg10. Both papers show that graphical models are very useful in understanding the problems of effect modification and are a welcome addition to the literature. 


Formally, DAG models represent statistical in/dependence relationships5 not causal relationships amongst variables and thus a directed edge does not necessarily imply a cause-effect relationship.  To infer causality from a DAG, external knowledge or assumptions must be made explicit in order to separate the causal arrows from the merely associational ones. The most rigorous assumptions are based on the results of experiments or controlled interventions. These can be directly incorporated into DAGs in the form of decision variables (see section on Causality below).  As this is often not possible in human genetics, other methods of determining causality that we can use include invoking the concept of Mendelian Randomization11,  making additional independence assumptions,  or applying less formal methods such as the Bradford-Hill criteria to the arrows in a DAG.  The latter approach is particularly useful as it combines the power of DAGs to disentangle complex associations with the intuitive and familiar nature of the Bradford-Hill criteria. We show an example of this approach later in the paper.

Bradford Hill criteria and their application to genetic studies



Bradford Hill’s guidelines2 have been a powerful tool in the practice of epidemiology, but also have several limitations. These are a set of “criteria” that serve as guidance to reasonably establish whether an observed association is likely to be causal. They were introduced specifically for observational epidemiology (including genetic epidemiology, although Bradford Hill did not have this in mind, due to the early development of genetics at that time). While experiments (e.g. randomized controlled trials) allow an easier causal assessment because they allow straightforward control of confounding, observational epidemiology requires a more complex reasoning, such as the one we propose below. 

The BH approach is based on a set of criteria that includes 1) Strength of association; 2) Timing; 3) Consistency and internal coherence; 4) Specificity of association; 5) Dose-response relationship; 6) Lack of bias and confounding; 7) Biological plausibility; 8) Reproducibility in animal model; 9) Statistical significance. We will show how they can be applied to an example of gene-environment interaction. 

One major limitation of the BH approach is that it considers one causal factor at a time and is not conceived to disentangle complex relationships and interactions such as those encountered in modern “molecular epidemiology” and genomics, with intermediate markers intercalated in the pathways between exposures and disease.

There are some general aspects to consider when tackling cause-effect relationships in genetics. First, most associations for individual genetic variants and common chronic diseases have weak to modest effects. Empirical findings suggest that even for “established” associations, the effect sizes are weak to modest (relative risks usually under 2, mainly between 1.2 and 1.612).  Generally speaking, the stronger the association between a risk factor and a disease, the more likely it is that the association is genuinely causal, because confounding and other biases are unlikely to explain it away. However, in genetics the strength of association of one genetic variant is conditional on complex gene-environment interactions. The penetrance of an individual genetic variant causally associated with a disease depends on the interactions of the variant with external exposures, the internal environment, or other genetic variants. In spite of the etiologic complexity of common diseases and the resulting weak effects of individual genetic variants, theoretical work suggests that the combination of as few as 20 genetic variants with weak to moderate effect sizes, when put together as a system of genetic variants (or genomic profiles), can account for a substantial attributable fraction of the disease in the population13. This poses severe challenges in our statistical power to find marginal effects of single gene variants on risks for common diseases in the face of complex gene-environment interactions. 


Consistency in genetic studies is usually poor, with few associations confirmed in more than 1 study14. The interpretation of this phenomenon is related to multiple factors including type 1 errors and publication bias, as well as methodological issues, such as selection bias of cases and controls, exposure assessment errors, and confounding. In addition, the role of genes is so dependent on the surrounding circumstances (environment, other genes, gene expression), that the gene variant’s main effect is difficult to capture in different studies conducted under different conditions, although a genuine heterogeneity of genetic effects across population groups cannot be always ruled out. An example of the influence of study design is the investigation of gene-disease associations in founder populations, in which the effect of a genetic variant is likely to be grossly overestimated, compared to other populations15. 


One would expect that genetic associations are specific, thus facilitating causal inference. For example, 5-HTT variants have been associated with bipolar disorder because of the role of the gene in serotonin metabolism. However, many studies on gene-environment interactions in cancer seem to violate the specificity of associations. For example, on the basis of functional knowledge, only bladder cancer, and perhaps colon cancer, may be expected to be associated with NAT2 variants16-18. Such postulated associations are plausible since there is evidence that aromatic amines or heterocyclic aromatic amines, which are metabolized by NAT2, are involved in bladder or colon carcinogenicity. Nevertheless, NAT2 associations are also observed for breast and lung cancer and mesothelioma19,20, without evidence of biological plausibility. A potential problem in the use of specificity as a criterion for causality is that many genetic variants belong to metabolic pathways that could influence multiple disease processes. This is an extension of the concept of pleiotropy that we see in single gene disorders. For example, MTHFR variation involves folic acid and methylation pathways that may have potential relevance to the genesis of many disease outcomes such as birth defects, cardiovascular disease and cancer21. The same is likely to be true for DNA repair genes.     

In genomics, the possibility of observing a dose-response gradient is conditional on the model of genotype-phenotype relationship: recessive, dominant or codominant for individual genes. Only if the genetic model is codominant a dose-response can be observed (on three levels). However, a different kind of dose-response is observable if we consider the cumulative effect of multiple genes or SNP. As some of us have shown22,23, both the risk of lung cancer and the levels of DNA damage can increase approximately linearly with an increasing number of “at risk” gene variants. The discovery of gene copy number variation can lead to more complex dose-response relationships. Quantitative continuous markers such as epigenetics (promoter methylation) and transcriptomics (gene expression) are more likely to be interpretable according to dose effects. 

Some aspects of genomic research have peculiarities, compared to environmental epidemiology. For example, confounding can be the consequence of events that do not exist in environmental epidemiology: haplotype blocks, allelic heterogeneity, overdominance, and epistasis15. Selection bias is more easily measurable in genomic studies, because we have the null hypothesis represented by Hardy-Weinberg equilibrium (HWE), i.e. we expect independent assortment of alleles in the population, whereas a similar reasoning cannot be applied to environmental exposures. Hardy-Weinberg equilibrium is based on assumptions of population genetics related to the lack of selection, inbreeding, migration; meeting HWE therefore can rule out at least gross bias. Finally, there are some specificities in causal assessment in genomics, based on a set of criteria which include: (a) linkage to a particular region of the human genome (LOD>3); (b) one or more independent mutations that are concordant with disease status in affected families; (c) defects that lead to macrochanges in the protein; (d) putative mutations that are not present in a sample from a control population; (e) the presence of some other line of biological evidence (see below)15. Criteria (a), (b), (c) refer to background knowledge. But it is in particular criterion (e), i.e. other lines of evidence including expression, knockout data, etc., that supports the causal association by referring to coherence with previous knowledge15.


Other difficulties arise when we wish to assess gene-environment interactions. In order to describe our methods we present a case study based on Parkinson’s disease. Firstly we present a short description of the disease and a more detailed literature review on its genetic component; we focus in particular on a recently identified genetic form. Secondly, we use graphical methods for proposing and assessing hypotheses on how the considered risk factors might interact. Thirdly, we apply Bradford Hill criteria to each of the hypothesised associations to assess causality as far as the available evidence will allow us. Although the presence of gene-environment interaction tends to weaken the marginal effects of the gene alone or the exposure alone, we believe it is still a sensible strategy to pursue main effects of genes and environments as we illustrate below.

Gene-environment interactions in Parkinson’s disease


We examine the association between several genes and their interactions with pesticide exposure in relation to the risk of Parkinson’s disease. Parkinson’s disease is the most common neurodegenerative disorder after Alzheimer’s disease affecting 16 – 19 people per 100,000 each year24. Parkinson’s disease is one of the most common late-life movement disorders characterized by bradykinesia, resting tremor, rigidity and postural instability. The pathological characteristic of the disease is a selective loss of pigmented neurons, most prominently in the substantia nigra (one of the brain basal ganglia) accompanied by a characteristic α-synuclein-positive inclusion bodies in neurons (Lewy bodies)24. While the causes of Parkinson’s disease remain unknown, significant progress is being made in elucidating genetic and environmental risk factors and the neurodegenerative process underlying the disease. Large epidemiological studies aimed at identifying risk factors for Parkinson’s disease have suggested a role of 1-methyl-4-phenyl-1,2,3,6-tetrahydropyridine (MPTP) (a compound accidentally produced in the manufacture of illegal drugs), of some pesticides, of certain metals and of polychlorinated biphenyls25. On the other hand, tea and coffee drinking, use of non-steroidal anti-inflammatory drugs, and high blood levels of uric acid have been suggested to be protective for Parkinson’s disease25. 

Genes and Parkinson’s disease

To date, eleven monogenic forms have been identified (with PARK1 to 11 gene acronyms) which will be selectively discussed below (Table 1)26. However, monogenic forms of Parkinson’s explain no more than 20% of the early-onset disease, and less than 3% of the forms with onset in the old ages, a situation that is common to many chronic diseases such as breast cancer (e.g., BRCA1) or heart disease (e.g., Familial Hypercholesterolemia). Most forms of the disease appear to be caused or at least influenced by complex interactions between several genes, or between genes and environmental factors.  



The α-synuclein, encoded by the SNCA gene, is a protein with several functions in signal transduction and vesicle trafficking; it is also a competitive inhibitor of an enzyme involved in the L-Dopa biosynthesis. Three known dominant mutations on the SNCA gene have been identified in families affected by Parkinsonism with dementia characterised pathologically by diffuse Lewy bodies, mainly composed of α-synuclein. The identification of these mutations contributes to the contention as to whether the so called Lewy body disorders (Parkinson’s disease, parkinsonism with dementia, and dementia with Lewy bodies) represent a continuum or have to be considered as distinct diseases26.  



The LRRK gene encodes for a protein involved in multiple functions; three dominant mutations are known. Pathologically, the disease is characterised by a typical Lewy body pattern consistent with the post mortem diagnosis of Parkinson’s disease. However, some cases with tau-positive pathology without Lewy bodies, have been observed even within the same family. The pathway leading to one or the other condition is likely to be influenced by genetic and/or environmental factors which remain to be identified26. 



There are more than 50 known variants in the parkin gene and their effect on the disease appears to be recessive. Subjects with homozygous mutation leading to complete loss of parkin expression are found to have a selective loss of dopaminergic neurons in the substantia nigra and in the locus coeruleus without Lewy bodies or neurofibrillar tangles. However, subjects with compound heterozygous mutations (a diploid genotype in which two copies of a gene carry different mutations) may present pathologically with Lewy bodies or neurofibrillar pathology. This behaviour can be due to the fact that the outcome is mutation-specific: some mutations can reduce rather than abolish the protein activity affecting substrate specificity. Otherwise, these two different outcomes can share the primary cause (as for the LRRK case) which is subsequently influenced by gene-gene and/or gene-environment interactions26. 



For the last two recessive mutations, PINK-1 and DJ-1 there is no pathological information available. The protein encoded by PINK-1 gene is a mitochondrial kinase which seems to be involved in protecting the cell from mitochondrial dysfunction and stress-induced apoptosis26. The protein encoded by DJ-1 gene also is localised on mitochondria, but it seems to belong to the chaperones family, induced by oxidative stress27. This protein has been demonstrated to be involved in cell protection during oxidative stress. Intriguingly, reduced DJ-1 expression in Drosophila melanogaster results in susceptibility to oxidative stress and proteasome inhibition which leads to a selective sensitivity to the environmental toxins paraquat and rotenone28.

Pesticides and gene-environment interaction in Parkinson’s disease



A recent meta-analysis on pesticides and Parkinson’s disease29 concludes that the epidemiologic evidence suggests a fairly consistent association between exposure to pesticides and risk of developing Parkinson’s disease. In particular, among the herbicides, paraquat has been found most strongly associated with the risk of the disease (with OR ranging from 1.25 to 3.22). Toxicological evidence suggests that both paraquat and rotenone exert a neurotoxic action which is potentially able to play a role in developing Parkinson’s disease. Moreover, clinical symptoms of Parkinson’s disease have been reproduced in rats by chronic administration of paraquat30. 


At this point, further research is needed in order to estimate the effect of the interaction between DJ-1 genotype and exposure to specific pesticides in humans on the risk of developing Parkinson’s disease. Firstly we are going to propose a graphical method to disentangle the relationship between these two risk factors and Parkinson’s disease; in a second step we will evaluate the associations from a more strictly causal point of view. 

DAGs in gene-environment interactions

In the context of gene environment interactions (GEI) DAGs can offer a visual representation as well as a more rigorous description of GEIs.  We look at some proposed models for GEI, which are simplified versions of those proposed by Khoury et al31, within the context of the putative GEI  involving the DJ-1 gene, exposure to pesticides and Parkinson's disease discussed above. 

First some notation:
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The crux of this approach is the introduction of an intervention variable I (represented by the double square box in the DAGs below). It is determined by the values of the genetic and exposure variables and is similar to the sufficient component cause (SCC) variables in VanderWeele and Robins3 in that it combines the effects of its parents. In simple terms, it acts like a “switch” and is turned “on” when the parents take on specific values and “off” when the parents have other values. In the current context this is typically the genetic mutation and/or exposure that leads to an increase in disease risk.  Thus in addition to the above variables, we also define
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interaction: 
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 (“on”) if there is an interaction and 
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 (“off”) if there isn't. The exact nature of the interaction depends on the contexts below.

Note that although we are only considering binary variables above, the method can be extended to cater for multi-valued variables. 

We also assume for the sake of this discussion that 

1. There is no a priori association between the gene and the exposure – this is represented by the absence of an arrow between DJ-1 and P in the DAGs below.

2.  There are no further confounders between either the gene and the outcome or the exposure and the outcome. This is represented by the absence of additional variables and arrows in the DAGs below.

Note that in this paper, we are not interested in the scale of the interaction – whether additive or multiplicative. We focus un understanding the type of interaction present using DAGs and (in the appendix ), conditional independence statements. The scale of the interaction is to be considered in each situation and will depend on context specific knowledge. Further, we are considering only statistical interactions here, whether they are biologically plausible must again be evaluated in light of the context specific evidence.
For each of the models that we consider below, we present a more formal description in the appendix.

Model I

Both exposure and genotype are required to increase risk:
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Here, if I is “on”  then there is an association between the disease and the gene and the exposure to pesticides  as both the gene variant and the exposure are present (in a way they are also “on”). If on the other hand I is “off” then there is no association – in other words, Parkinson's is only associated to DJ-1 and paraquat exposure through the interaction itself.  This is an extreme form of interaction that is unlikely to occur in the pathogenesis of common diseases. Does this model describe the relationship between DJ-1, exposure to pesticides and Parkinson's disease? For this to be the case, all the Dutch and Italian families with the variant DJ-1 would also have to have been exposed to pesticides. Further, the incidence of Parkinson's amongst the families with the gene variant would have to be the same on average as that of those without the gene variant (if unexposed to pesticides). Similarly, those exposed to pesticides would have to have the same incidence as those not exposed to the pesticides. This is clearly not the case.

Model II

The exposure to pesticides increases the risk of disease but the presence of the gene variant alone does not increase the risk of disease, although it further increases the risk of disease in the exposed population.

In this model, I depends on P – i.e. it is switched on and off only by P. In fact, I is identical to P as when 
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  indicating that the interaction is switched “on” and the presence of the variant in DJ-1 is influential.  It is possible that in some cases exposure is protective, i.e. “I” would take the opposite value of P in a binary situation. In more complex situations, the effect of P might be such that only certain values of P result in interactions and in these cases the values of I and P would not be the same.

In this case, we have that Y depends directly on exposure P, however, Y depends on DJ-1 only through the interaction and the exposure when this is present – i.e. when 
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This model is also not a plausible description of the relationship between the three variables based on the evidence at hand as it would mean that all the families with the variant would have to also have been exposed to pesticides.  Again, this is unlikely to be the case based on the evidence at hand.

Model III

Exposure to pesticides exacerbates the effect of the gene variant but has no effect on persons with the normal genotype.

In this model, I depends only on the status of DJ-1, in the same way as it depended on exposure to pesticides in the previous model. 

[image: image32.emf]
Again, this does not provide a viable explanation of the evidence. 

Model IV

Exposure and genotype both have some effect but together they further modify the effect. 

Here I is a function of both P and DJ-1 and is defined as follows:

I is “on” if and only if both P and DJ-1 are “on” otherwise I is “off”. Here there are also associations between P and Y and DJ-1 and Y , this indicates that there are effects of P on Y irrespective of DJ-1 and vice-versa. 

The problem is that as I is essentially unobserved and thus we cannot disentangle the two DAGs below apart without further information.

[image: image33.emf]
In order to be able to tell them apart, an experiment can be run  or the relative risks can be compared (see appendix).

In light of the evidence on Parkinson's disease, we have to favour one of the two models IV above the others as it would appear that both the genotype and the exposure have separate effects on the risk of Parkinson's. However, from the data on humans we cannot distinguish between the two until we run a study to determine the presence of an interaction.  In the case of the Drosophila experiments (see section below) the interaction model on the left-hand side provides a better model as flies with the mutation that have been exposed demonstrate further sensitivity to exposure to pesticides than those who do not have the mutation.


The DAGs above describe the possible associations between the gene, exposure and disease within the context of Parkinson's diseases.  They can easily be applied to other contexts and extended to include potential confounders and multiple genes and exposures.

Causal statements

The DAGs above alone cannot be directly used for causal inference unless additional assumptions are made or experiments run.  The reason for this is that the evidence we have on Parkinson's disease is observational and we do not have sufficient information on the potential confounders, intermediate variables etc. that can influence the relationship between the three observed variables. For the sake of making the DAGs clear, we have assumed that there are no confounders, however this is unlikely to be the case in practice as Parkinson's is a multifactorial disease and its etiology is not well understood. The method we have proposed can however be extended to include confounders and intermediate variables.

In the case of drosophila the situation is simpler.  Both exposure to pesticides and the mutation of DJ-1 have been associated to increased risk of neural degeneration. Further, the combination of the two has also been demonstrated to aggravate the condition as the flies which had the DJ-1 gene knocked out exhibited a ten-fold increase in sensitivity to paraquat28. As in this case both the genetic make-up and the exposure status of the flies have been intervened upon under controlled conditions, we can make direct causal inference. The model in this case is an augmented DAG which directly incorporates interventions (represented by the Fs in the square boxes).
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The above DAG is saying that for the drosophila at least we can say that exposure to  pesticides causes an increased risk to neural damage as does the presence of the mutated DJ-1 gene, i.e. there is a clear indication of a gene-environment interaction. It now remains to be understood the nature of the interaction.


When causal inference cannot be incorporated into a DAG, then some weaker inference can be made using the inductive reasoning implicit in Bradford Hill’s guidelines. More work needs to be done in investigating how these structures can be found from data and when causal inference can be made. 

Application of Bradford hill criteria to gene-environment interactions



Following the DAG approach, we established the relationship between genes and the environment in promoting Parkinson’s disease, and we disentangled the different interaction models between DJ-1, pesticides and Parkinson’s disease. As second step, is to assign a weaker causal meaning to the arrows used in the models. We numbered the arrows, and we will be analysing them separately. Let’s call the association between DJ-1 and Parkinson’s disease (, the association between pesticides and Parkinson’s disease (, and the interaction between the genetic and the environmental factor in causing Parkinson’s disease (. In an attempt to evaluate this hypothesis of interaction between the genotype and environmental risk factors, we have applied Bradford Hill’s guidelines. They are discussed in a slightly different order than in the original version and statistical significance is omitted because it refers to the contingent evaluation of each study and does not require a specific discussion in relation to genomics.

(a) Strength of association – DJ-1 protein has been seen to be lacking in Dutch families with Parkinson’s disease, and to be functionally inactive because of a point mutation in the Italian families studied by Bonifati and coll.32 Although the function of the DJ-1 protein is unknown, these data suggest a strong association between DJ-1 gene and Parkinson’s disease in families (. To establish the strength of association of environmental factors with a disease is far more complicated, mainly due to the quality of exposure assessment. A recent meta-analysis on pesticides and Parkinson’s disease, however, points out that both pesticide exposure in general and selective exposure to paraquat seem to be associated with Parkinson’s disease (with OR ranging from 1.25 to 3.22)29 (. Concerning the interaction between the genotype and the environmental exposure, no epidemiological study has been conducted, yet; thus the strength of the association is not verifiable. However, knockout models of Drosophila Melanogaster (fruit fly) lacking DJ-1 function, display a marked and selective sensitivity to the environmental oxidative insults exerted by both paraquat and rotenone28, suggesting an interaction between these toxicants and the DJ-1 genotype (. 

(b) Consistency of the association – After the first variants described, different variants on DJ-1 gene associated to the same Parkinson’s disease phenotype have been found in patients of Ashkenazi Jewish and Afro-Caribbean origins33,34 (. The association between paraquat and rotenone with Parkinson’s disease is more consistent in animals (in which these two toxicants are often used to produce animal models of the disease)30, than in humans. In environmental epidemiological studies in humans, the association has not been always found to be significant35, although many methodological limitations might have influenced and biased the results (. No evidence coming from studies on humans is available for confirming the consistency of this gene-environment interaction in causing Parkinson’s disease (. 

(c) Specificity of the association – The specificity of the association between DJ-1 mutations and Parkinson’s disease ( will be clearer once the data on the pathological features of the DJ-1 patients will be available (see above). Chronic systemic exposure to rotenone has been demonstrated to cause highly selective nigrostriatal dopaminergic degeneration associated with characteristic movement disorders in rats30 (. Similarly, paraquat caused a significant loss of nigral dopaminergic neurons in mice compared to controls36 (. Once an appropriate epidemiological study will be set up aimed at studying gene-environment interactions in this context, results from the pathological analysis of the sample subjects will help to answer important questions regarding the etiological pathway of the disease and these factors interaction (.

(d) Temporality – This criterion, obviously, does not apply to genotype, as it remains constant over time (. However, temporality is crucial if we go beyond genetic effects and consider epigenetic mechanisms, i.e. gene regulation by environmental factors. This problem (and the associated interpretation) goes much beyond the present contribution, but is worth mentioning for future developments. Concerning pesticides, the suggested dose-response relationship, with 20 years of exposure required29, is compatible with disease characteristics of neurodegeneration, making the temporality pattern suggestive for a potential causal role (.  

(e) Biological gradient – This criterion does not apply to the case, since we are dealing with a recessive model of inheritance. Nonetheless, a co-dominant model should not be completely ruled out as a careful neurological evaluation of heterozygote subjects might point out some sub-clinical changes (. A dose-response relationship between toxicant exposure and neural loss in animal experiments has been observed37. In addition, several studies observed a positive correlation with duration of exposure to, and high dose of, herbicides and insecticides in humans29 (.

(f) Biological plausibility –Biological plausibility of the DJ-1 mutation awaits the discovery and characterisation of the encoded protein (; while the capability of some toxicant to induce a progressive cellular loss in the substantia nigra and to be responsible for a progressive clinical syndrome with an intervening latent period has been hypothesized since a long time ago30 (. It results, therefore, plausible that these two factors may interact during the course of life producing Parkinson’s symptoms in genetically susceptible individuals (. 

(g) Coherence with previous knowledge – The confirmation of the presence of different mutations on the same DJ-1 gene in families with other background origins but manifesting the same symptoms reinforces the involvement of the gene in the disease33,34,34 (. A role of herbicides in neurodegeneration has also been studied since a long time ago with generally confirmatory results (. 

(h) Special considerations – The main consideration is that animal models of a disease may not well represent the human disease in its complexity, being partially misleading or presenting an oversimplification of the mechanisms. Moreover, it would be interesting to evaluate these associations into the wider frame of neurodegeneration in which more brain systems are involved, and many pathways overlap leading to different outcomes. 

Discussion

While an extensive literature exists about causality assessment in environmental epidemiology, genetic associations have, so far, not attracted a similar attention, although they are studied in the context of observational, non-experimental study designs and are thus affected by similar weaknesses. We have explored two complementary ways to tackle causality in genetic association studies and gene-environment interactions. The application of BH guidelines to genetics is not straightforward, and it becomes very complex, in particular, if one wants to study gene-environment interactions, as we have exemplified with Parkinson’s disease. 


The graphical approach has some merit particularly to clarify complex causal pathways Although we have applied the approach to a relatively simple example, it can be extended to more complex cases.  Further, the approach we propose uses the statistically formal representation of DAG models. This is in contrast to Weinberg's paper10, which although invaluable in highlighting the pros and cons of DAG models, does not actually use DAGs, rather heuristic diagrams not dissimilar to those proposed by Ottman38 are employed. In the approach advocated by VanderWeele and Robins3,4,  DAGs are considered implicitly causal. We feel that this can be misleading especially when the basis for inference are observational studies which is generally the case in human genetic studies such as those they consider. Thus we advocate a more conservative approach which involves assessing the causality of each individual relationship.

A final caveat to interpreting DAGs involving genes as causal is that the issue of whether genetic mutations can be considered “causes” of diseases in a strict sense is unresolved. It is generally accepted the causal nature of a relationship can only be assured when interventions (such as those performed in experiments) take place. This is because without controlled interventions, we have no way of guaranteeing that we have taken into account all confounders. VanderWeele and Robins3,4 assume that genes can be considered causes of diseases, without discussing the implications or bringing additional information such as BH criteria into play– we believe that this is a strong assumption as we have limited knowledge we have on the mechanisms that govern complex diseases.

In summary, we believe that the DAG and BH approaches can complement one another as  one (BH) helps to assess the strength of evidence, while the other disentangles – in a visual  but also formal way – the role played by genes and environmental exposures.

	Gene (locus)
	Protein 
	Function 
	Inheritance 
	Pathology 
	Clinical phenotype 

	1SNCA (PARK1/4)
	α-synuclein 
	Signal transduction, membrane vesicle trafficking, and cytoskeletal dynamics
	Dominant 
	Diffuse Lewy bodies (prominently nigral and hippocampal neuronal loss)
	Early onset progressive L-Dopa responsive parkinsonism, cognitive decline, autonomic dysfunction and dementia

	LRRK2 (PARK8)
	Dardarin 
	Cytosolic kinase with several functions (including substrate binding, protein phosphorylation and protein-protein interactions)
	Dominant 
	Predominantly Lewy bodies disease (rare cases with neurofibrillar tangels and/or nigral neuronal loss
	Parkinsonism consistent with sporadic Parkinson’s Disease. Dystonia, amyotrophy, gaze palsy and dementia occasionally develop

	PRKN (PARK2)
	Parkin 
	E3 ligase (conjugating ubiquitine to proteins to target them for degradation by the proteasome)
	Recessive (rare “presudo-dominant” cases reported)
	Predominantly nigral neuronal loss (compound heterozygotes with Lewy bodies or  tau pathology are described)
	Early onset parkinsonism, often presenting with dystonia, with diurnal fluctuations. Typically responsive to very low doses of L-Dopa

	PINK1 (PARK6)
	-
	Mitochondrial kinase
	Recessive
	Undetermined 
	Early onset parkinsonism, slowly progressive and responsive to low doses of L-Dopa

	DJ-1 (PARK7)
	- 
	Oxidative stress signalling molecule on mitochondria 
	Recessive 
	Undetermined 
	Slowly progressive early-onset parkinsonism occasionally with psychiatric disturbances; rare compound heterozygotes with parkinsonism and dementia or amyotrophy are described  


Table. Main identified genes involved in Parkinsonism, with their biological, clinical and pathological main features.
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Appendix 

Conditional Independences and DAGs

Conditional (in) dependence is a probabilistic concept:  consider 3 variables A,B and C and the three DAGs below:
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All three “say” the same thing:

· A depends on C and
· A depends on B only through C, i.e. A is independent of B given C -  
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In statistical terms, these three DAGs are equivalent (techincally Markov Equivalent9).  In probabilistic terms  if 
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Simply put, this says that if we know what C is, knowing what A is gives us no further information on B. An example from genetics is as follows: if we want to know the genetic make up of an individual (B), we might be able to gain some information by looking at the genetic make up of a sibling (A). If however, we can access the genetic make up of the parents (C), then knowing the sibling's make up gives us no further information on A. 


If we want to interpret the above DAGs as causal and thus choose one, we need to introduce external information. For instance, say B is a drug treatment, C is a disease marker and A is a health outcome. If we run a trial to investigate the effect of B on A and A is unaffected, this will lead us to discard the 3rd DAG.


Note that as DAGs are visual representations of conditional independence statements. Thus when analysis is preformed using the DAGs as a basis for inference, it is in fact the conditional independences that are being used – this means that although the DAGs are invaluable for easy understanding of the mechanisms, they are not essential for inference.

Interventions and Regimes

In order to make rigorous causal inference, interventions need to take place,  or when no interventions take place, conditional independences need to be found that enable us to interpret  the consequences of natural events as those of interventions (as in the case of Mendelian randomization6). A clear example of why intervention and naturally occuring events do not necessarily lead to the same results is confounding.

Formally, causality is encoded in DAGs by using the concept of regime.  A regime indicates the intervention status of a variable and is denoted by F. Thus if we are looking at a binary variable X  (0,1) and its possible regimes, we will consider the “active treatment regime” F=1, the “baseline treatment regime” F=0 and the observational regime F=Ф (the empty set), corresponding to setting X=1 with no uncertainty, setting X=0 with no uncertainty and finally letting X arise without manipulations of any sort.  The last regime is what is generally termed the observational regime and is generally the data gathering situation.  Interventions are represented by decision nodes (square boxes) in augmented DAGs5, and these can be used to make some causal inference from DAGs as they explicitly represent interventions. 
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Take the DAG above. It represents the conditional independence
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. Say that Y is neurodegeneration in Drosophila Melanogaster, P is exposure to paraquat, and F is the regime indicator.  Then the conditional independence is saying that the neurodegeneration (Y) in the fly does not depend on how paraquat was administered i.e. in a randomised experiment or naturally, say in the wild by feeding on fruit treated with paraquat, (F) provided that we know whether exposure has taken place or not (P).  When this is the case, we can make inference about intervention (i.e. causal inference) from observational data. 
GEI 

Below is a more formal treatment of the GEI models we consider in the main text. In addition to considering the conditional independence statements we also look at the observed relative risks as these can give us information about the type of interaction we are dealing with. 

First the assumption of no dependence between genotype and exposure is given formally 
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Relative risks are defined as follows:
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denotes the risk of disease of 
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Model I

In addition to the above assumption the Model I DAG represents the following conditional independence 

3. 
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– this tells us that when either the mutation or the exposure are not present, the disease is not associated to the mutation or the exposure. 

In  terms of relative risks this model implies that
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Model II
In addition to the above assumptions we have:

· 
[image: image25.wmf]|0,1

YPIDJd

^^=-=

which says that P does not affect Y when 
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Model III

The formal assumptions are the complement of those in Model II.

Model IV

There are no additional assumptions here. One way of determining which of the two models is true is as follows:  
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then there might be reason to favour the model with the interaction to that without the interaction.  The exact form of the interaction and how it is estimated i.e. using and additive or multiplicative model, will depend on the context.























_1255778034.unknown

_1255779904.unknown

_1255780364.unknown

_1255780515.unknown

_1255780872.unknown

_1255781116.unknown

_1255781204.unknown

_1255781115.unknown

_1255780849.unknown

_1255780467.unknown

_1255779949.unknown

_1255780158.unknown

_1255779914.unknown

_1255779480.unknown

_1255779672.unknown

_1255779886.unknown

_1255779899.unknown

_1255779851.unknown

_1255779507.unknown

_1255778072.unknown

_1255778087.unknown

_1255778060.unknown

_1255777973.unknown

_1255778000.unknown

_1255778025.unknown

_1255777981.unknown

_1255777889.unknown

_1255777960.unknown

_1255777866.unknown

_1255526564.unknown

