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A B S T R A C T   

Small relative effect sizes are common in observational studies of exposure in environmental and public health. 
However, such effects can still have considerable policy importance when the baseline rate of the health outcome 
is high, and many persons are exposed. Assessing the certainty of the evidence based on these effect sizes is 
challenging because they can be prone to residual confounding due to the non-randomized nature of the evi-
dence. When applying GRADE, a precise relative risk >2.0 increases the certainty in an existing effect because 
residual confounding is unlikely to explain the association. GRADE also suggests rating up when opposing 
plausible residual confounding exists for other effect sizes. In this concept paper, we propose using the E-value, 
defined as the smallest effect size of a confounder that still can reduce an observed RR to the null value, and a 
reference confounder to assess the likelihood of residual confounding. We propose a 4-step approach. 1. Assess 
the association of interest for relevant exposure levels. 2. Calculate the E-value for this observed association. 3. 
Choose a reference confounder with sufficient strength and information and assess its effect on the observed 
association using the E-value. 4. Assess how likely it is that residual confounding will still bias the observed RR. 
We present three case studies and discuss the feasibility of the approach.   

1. Introduction 

When studying the effects of environmental exposure on adverse 
health outcomes, randomisation of humans is not normally feasible for 
ethical reasons (e.g., persons cannot purposely be assigned to receive a 
potentially harmful exposure). Thus, observational studies will almost 
always constitute the body of evidence to evaluate harm from exposures 

in human research. Even after adjusting for all possible known con-
founders, due to non-randomised design, there will still be a risk that 
unknown confounders could have biased the results in these studies 
(Rosenbaum, 2017). This is called “residual confounding” (Glymour and 
Greenland, 2008; Greenland and Lash, 2008; Liang et al., 2014). 
Assessment of the impact of residual confounding on the certainty of the 
evidence for effects of environmental exposures has been a challenge for 
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researchers. In the Grading of Recommendations Assessment, Develop-
ment and Evaluation (GRADE) Framework, concerns about residual 
confounding lead to setting the initial rating of the certainty of the ev-
idence from observational studies as “low”. Then, so long as it has not 
been rated down on any of the five downgrade domains, evidence from 
observational studies can be rated up if one or more of three conditions 
obtain: if the effect size is sufficiently large that it cannot be explained by 
residual confounding; if there is a dose–response gradient; and when 
there is plausible opposing bias in the evidence (Guyatt et al., 2011a; 
Schunemann et al., 2019). 

In this paper we are proposing a modification to the GRADE 
approach for rating up due to large magnitude of effect. It has long been 
recognised that bias due to residual confounding is much less likely to 
explain the entire observed effect when the observed effect size is large, 
provided that the body of evidence is otherwise of good methodological 
quality (Cornfield et al., 1959; Hill, 1965). GRADE has incorporated this 
Bradford Hill tenet for causation in its framework (Schunemann et al., 
2011). The current GRADE approach to defining such a “large magni-
tude of effect” takes a precise relative risk (RR) of > 2 as a cut-off value. 
Based on modelling studies conducted over 50 years ago, this magnitude 
of effect is considered to be large enough that it is unlikely to be 
explained by residual confounding (Bross, 1967). When the results of a 
systematic review based on observational evidence exceeds this 
threshold, and when the effect is precise and the observational studies 
do not exhibit other important limitations in study design or execution, 
the certainty of evidence may be rated up by one level (Guyatt et al., 
2011b). A RR of > 5 represents a very large magnitude of effect which 
may lead to rating up the certainty of the evidence by two levels. 

Even though there are arguments as to why RRs of 2 and 5 are 
reasonable cut-offs, these cut-offs are based on generalisations across a 
wide range of exposures and observational studies and it has been sug-
gested that more tailored approaches are warranted (Shimonovich et al., 
2021). Also Bradford Hill suggested not to dismiss smaller effect sizes 
too easily (Hill, 1965). The extent to which these cut-offs apply to the 
specific set of studies included in any given systematic review can 
therefore be questioned and while their general use is helpful it remains 
arbitrary. 

In exposure studies in public, environmental and occupational 
health, effect sizes are often relatively small such as the effects of air 
pollution with a few exceptions such as the effects of smoking. Assessing 
certainty in small relative effects can be of high relevance when a large 
proportion of the population is exposed to environmental compounds 
with adverse health effects such as air pollution. In these cases, small 
relative effect sizes can still lead to an absolute effect with a considerable 
number of persons being affected (Bellinger, 2007; Kunzli et al., 2000; 
Rose, 1985; Verbeek et al., 2021). In this context, judgements of the 
certainty of the evidence will be made against a very low threshold of, 
for example, 0.1% risk difference for mortality (Hultcrantz et al., 2017). 
Given the societal importance of these small effect sizes from the pop-
ulation perspective, it is even more important to judge the certainty of 
the evidence in the best possible way. While societal importance is 
obviously not an argument to increase the certainty of the evidence, the 
implications of even a small effect size at the population level is an 
important argument to further scrutinize if our methods assess the cer-
tainty correctly. 

GRADE’s approach to large effect sizes has its origin in a modelling 
study from the 1960′s (Bross, 1966; 1967). Although the findings were 
not rebutted in the literature, recently, a similar new method for 
quantifying unmeasured confounding has been proposed based on a 
derivation of the observed effect size (VanderWeele and Ding, 2017). 
The authors quantify how large the effect of a confounder would have to 
be to reduce an observed RR to the null value, thereby explaining away 
the apparent effect of the exposure of concern. They coined this number 
the “E-value”. 

The concept of the E-value is someway similar to the large magnitude 
of effect: the larger the E-value is, the less likely it is that the results of a 

study will be explained by unmeasured or residual confounding. (Fig. 1) 
The benefit of the E-value is that it is not an arbitrary cut-off but that it is 
determined relative to the observed effect size in the study of interest. As 
an alternative, the authors propose determining the ‘bias factor’ which is 
the amount by which a confounder would reduce the observed effect size 
given known relations between confounder and outcome and exposure 
of interest. This will also show if the confounder can reduce the observed 
effect size to the null value. The same authors have also proposed using 
the E-value to assess unmeasured or residual confounding in meta- 
analyses in systematic reviews (Mathur and VanderWeele, 2019). 

In this GRADE concept paper, we explore the application of the E- 
value concept in place of RR cut-offs, when judging whether to upgrade 
certainty of the evidence due to a large magnitude of effect. We further 
describe how the E-value approach can be applied to systematic reviews 
and use three case-studies as a proof-of-concept. The focus of this 
exploration is small effect sizes in studies of exposures in environmental 
and public health. The approach is applied using the relative effect 
measures, although the impetus for evaluating small relative effect sizes 
is driven by the importance of their large absolute impact on a popu-
lation level. Application of the proposed approach in clinical topics or 
when effect sizes are not small are beyond the scope of this manuscript 
and requires further evaluation. 

2. Definition of a confounder 

A confounder is an exposure or variable that is associated with both 
the exposure of interest and the outcome of interest or one of their 
antecedent variables (see Fig. 2) which accounts for at least part of the 
observed effect size (Hernan et al., 2002). Randomisation is the best way 
to prevent bias due to confounding because it reduces the chance of 
baseline differences in unknown confounders that could cause spurious 
associations. When randomization may not be possible, statistical ad-
justments can be incorporated within observational studies to account 
for known confounders. We define observational studies as studies in 
which the investigator observes individuals without manipulation or 
intentional intervention. Observational studies are necessarily non- 
randomised. Intervention studies may be randomised or non- 
randomised. 

3. Unmeasured and residual confounding 

There are three situations in a study or a systematic review that 
confounding can play a role in: a known confounder has not been 
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Fig. 1. The E-value ( ) for a RRobs ( ) of 1.7 is 2.8. Confounder A associations 
with both exposure and outcome ( ) of RR = 3.5 are larger than the E-value 
and reduce observed RR to the null value RR adj for A = 1 ( ) but Confounder B 
associations with both exposure and outcome ( ) of RR = 1.4 are not larger 
than the E-value and don’t reduce the observed RR to the null value but to RRadj 

for B = 1.6 ( ). 
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measured in the included studies; a known confounder has been 
measured but the control for this confounder is not perfect; and there are 
potential unknown confounders that cannot be controlled for, i.e. re-
sidual confounding. The first two situations are dealt with in the risk of 
bias assessment step of a systematic review. The third situation is the 
focus of this article. 

In developing our proposed approach, we first reviewed the relevant 
literature on unmeasured and residual confounding. The basic ideas 
around how to assess the effect of unmeasured confounding in a study 
have remained more-or-less unchanged since Cornfield first stated in 
1959 that “the excess lung cancer risk among smokers is so great that the 
results cannot be interpreted as arising from an indirect association of 
cigarette smoking with some other agent or characteristic” (Cornfield 
et al., 1959; Greenland, 1996). Axelson and Steenland termed this “in-
direct adjustment” for the effects of smoking (Axelson and Steenland, 
1988; Lubin et al., 2018). Greenland and Lash et al., provided extensive 
methods for what they call ‘quantitative bias analysis’ including that 
resulting from residual confounding (Greenland and Lash, 2008; Lash 
et al., 2014). Greenland especially advocates this type of analysis for 
systematic reviews. Schneeweis et al., and Udin et al., describe similar 
methods which they call ‘sensitivity analyses’ (Schneeweiss, 2006; 
Uddin et al., 2016). They use this to assess how the results of a study or a 
systematic review change in response to the effects of assumed residual 
or unmeasured confounding. 

The approach for conducting the sensitivity analysis is to make as-
sumptions about the prevalence of the confounder among the exposed 
and unexposed and the strength of the association between the 
confounder and the outcome of interest (Greenland and Lash, 2008). 
Simple calculations then enable to assess how the observed effect size 
changes after adjustment for the unmeasured confounder. This is called 
‘external adjustment’ because the data are not derived from the study as 
in conventional adjustment for confounding. Several mathematical ap-
proaches to implementing the assumptions have been developed (Cabral 
and Luiz, 2007; Groenwold et al., 2010; Gustafson et al., 2010). Many 
researchers have expressed concerns that even though it is valuable to 
conduct a sensitivity analysis and quantify the effect of unmeasured 
confounding in observational epidemiologic research, this is seldom 
done (Arah et al., 2008; Greenland, 1996; Groenwold et al., 2010; 
Steenland and Greenland, 2004). 

4. The use of the E-value in systematic reviews of observational 
studies 

When conducting systematic reviews of observational studies, 
sensitivity analysis is the only feasible approach to handling residual 
confounding. Mathur et al., propose using the E-value in a random ef-
fects meta-analysis (Mathur and VanderWeele, 2019). In their approach, 

one should first determine what would be a true causal effect of a 
scientifically meaningful size and how large the part of the distribution 
of effect sizes underpinning this meaningful effect size should be among 
the included studies. The meaningful effect size is used in a similar way 
to the threshold against which the GRADE approach judges the certainty 
of the evidence. Then it should be assessed how large unmeasured 
confounding would need to be to explain away the observed results. For 
studies of the effects of public health, environmental and occupational 
exposure, the threshold or the ‘meaningful relative effect size’ would be 
very small because of the possible population impact in absolute terms 
and may often be close to the null value. 

The E-value approach does not require making a priori assumptions 
and the calculation is relatively straightforward, as compared to other 
methods used for sensitivity analyses. The drawback of the E-value 
approach is that even though no a priori assumptions are needed, the 
interpretation is not straight forward. Although the E-value informs 
about how big an unmeasured confounder would need to be to explain 
the observed effect size away, one must still make assumptions of how 
likely it is that residual confounding of that magnitude is occurring. It 
has been shown that this aspect of interpretation of the E-value is highly 
variable (Blum et al., 2020). 

We propose a four-step approach for use of the E-value in a sensi-
tivity analysis of residual confounding in a systematic review of obser-
vational studies (Fig. 3). We propose using the E-value in the GRADE 
assessment of the certainty of the pooled results to assess the sensitivity 
to unmeasured residual plausible confounding such as currently done 
for the domains of large magnitude of effect and residual plausible 
opposing confounding. The assumption is that this procedure is only of 
interest if there are no limitations in the design and execution of 
observational studies that are included in the systematic review at hand. 
The included studies should have adjusted for the effects of all known 
critical confounders. If the studies included in the reviews have concerns 
about risk of bias or have not adjusted for all known critical confounders 

Fig. 2. Relationship of a confounder C to exposure E and outcome (O). Because 
the confounder is associated with both the exposure and the outcome, its 
presence in the system will distort the effect estimate of the exposure on the 
outcome. The presence of undiagnosed confounders therefore introduces bias 
into studies. Residual confounding is of concern in observational studies 
because, while many major confounders may be identified, there is potential for 
unidentified confounders to be influencing the study results. 

Fig. 3. Flow diagram of analysis to assess sensitivity to residual confounding. 
The numbers refer to the four steps of the process in the text. RRobs = observed 
Relative Risk; RRCO = RR of confounder outcome association; RRCE = RR of 
confounder exposure association. 
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this approach should not be applied. 
Step 1: Identify the association measure of interest based on relevant 

exposure levels. 
In many fields, the risk of adverse effects of exposure is assessed 

relative to an arbitrary unit of exposure that is determined by conven-
tion rather than biological relevance. For example, in studies of health 
risks posed by exposure to particulate air pollution, it is the habit to 
assess increase in risk of an adverse health outcome per 10 µg/m3 in-
crease in exposure to particulate matter. We propose considering first if 
it is helpful to transform such an incremental RR per unit of exposure to 
a relevant exposure contrast by taking a known level of high exposure 
versus a known level of low exposure (Morgan et al., 2018). In Europe or 
the US, a realistic contrast between areas with high levels of particulate 
pollution against low levels is approximately 40 µg/m3 (European 
Environment Agency, 2019). 

If the observed RR is an incremental RR per unit of exposure, we 
suggest calculating the RR of the adverse health outcome for this rele-
vant exposure contrast based on the observed pooled RR per exposure 
unit from the systematic review. This can be done by exponentiating the 
incremental RR with the number of exposure levels that span the 
exposure contrast. In the air pollution case, the exponent would be 4. 

In a similar way, VanderWeele et al., advised taking the RR for a 
larger contrast because it will be more likely that there will also be a 
difference in confounder prevalence between these contrasts (Vander-
Weele et al., 2019b). In other epidemiologic studies, the comparison is 
often between a high level of exposure versus a low level of exposure. 
Then, one should find out what these high levels and low levels of 
exposure refer to and what kind of exposure contrast can be inferred. 

Step 2: Calculate the E-value for the association of interest. 
The E-value is an expression of the observed RR and can be calcu-

lated with the following formula: E-value = (RRobs + sqrt(RRobs*(RRobs- 
1)) (VanderWeele and Ding, 2017). For other effect-sizes such as odds 
ratios (OR) or mean differences (MD) the authors also provide the 
appropriate formulas in a supplement. 

For an observed RR of 2, the E-value is 3.4 and for an observed RR of 
5, the E-value is 9.5. 

Step 3: Identify a reference confounder and assess its effect on the 
observed RR. 

A reference confounder is a known confounder for the comparison of 
interest that has a known estimate of association with exposure and 
outcome of interest, and preferably has the strongest association of all 
known confounders. The reference confounder should have a strong 
association with exposure and outcome of interest because we want to 
use it as a threshold that we are certain exceeds that of any plausible 
residual confounder. Instead of the cut-off of RR > 2 or RR > 5, we will 
now use a known confounder as the reference for our judgement if re-
sidual confounding is likely to influence the observed effect size. If this 
reference confounder can reduce the effect size to null or below a rele-
vant threshold, a potential unknown residual strong confounder could 
too. And vice versa, if the reference confounder will not be able to 
reduce the observed effect size to null, then it is unlikely that an un-
known residual confounder will be able to this. 

We suggest assessing the effects of the reference confounder as 
follows.  

a. Determine the magnitude of the association of the reference 
confounder with the exposure and with the outcome of interest, 
preferably based on a systematic review of the literature (Lash et al., 
2014) or if this is not available on the best available primary studies. 
For the association with the exposure, use the same relevant expo-
sure levels as determined under Step 1.  

b. If the association of the confounder with exposure and outcome are 
judged to be of similar magnitude, then the magnitude of this RR can 
be directly compared to the E-value. If the RR for the associations is 
smaller than the E-value, it is unlikely that the reference confounder 
can reduce the observed RR to null and vice versa if the RR is larger 

than it is likely that a residual confounder could reduce the observed 
RR to null as well.  

c. If the association of the confounder with outcome and exposure 
differs in magnitude, calculate the bias-factor. The bias factor is the 
amount of the observed RR that is due to the effect of the confounder. 
It can be calculated with the known associations of the reference 
confounder with exposure and outcome of interest with the formula 
BF = (RRCE*RRCO)/(RRCE + RRCO-1). It is easy to make this calcu-
lation in a spreadsheet or otherwise the website www.evalue- 
calculator.com can be used (Mathur et al., 2018). Then divide the 
observed RR by the bias factor to see if the reference confounder 
reduces the observed RR to the null value or below a relevant 
threshold. 

Step 4: Make a judgement about rating up. 
With the information about the effect of the reference confounder on 

the observed effect size, we can make a judgement how likely it is that 
residual confounding can reduce the observed effect to null or below a 
threshold of interest. This judgement can then be used to decide about 
upgrading the certainty of the evidence. 

Determining whether certainty in the evidence should be upgraded 
based on an E-value calculation not only depends on the numerical 
values under Steps 2 and 3, but also on other aspects of residual con-
founding and the systematic review. If a long list of confounders has 
been measured and adjusted for in the studies included in the review, 
there will be residual confounding only. If, in this situation, the calcu-
lation of a strong reference confounder yields a value smaller than the E- 
value, it would be highly unlikely that unmeasured residual confound-
ing can bias the observed RR. This would then warrant upgrading of the 
certainty of the evidence because it is unlikely that residual confounding 
has biased the results. 

If on the other hand, the studies in the review have not been able to 
adjust for more independent confounders that are not judged to be 
critical, then the conclusion might still be that unmeasured residual 
confounding is likely to have biased the observed RR. Simulation studies 
show that multiple independent unmeasured confounders can lead to 
larger bias (Fewell et al., 2007; Groenwold et al., 2016). In this situation, 
it would not be warranted to upgrade the certainty of the evidence. 
However, in many situations, confounders are related such as is the case 
with lifestyle factors such as exercise and BMI. Then the effects of these 
confounders would not be larger. 

5. Case studies 

5.1. Case study 1: Air pollution and overall mortality 

Step 1. A systematic review of the effects of air pollution on mor-
tality reported a relative risk of mortality of RR = 1.06 per 10 µg per 
cubic meter increase of fine particulate matter in air (PM2.5) (Hoek et al., 
2013). However, in Europe or the US, a realistic contrast between areas 
with heavy and little PM2.5 pollution would be 40 µg/m3 (European 
Environment Agency, 2019). If we take > 40 µg/m3 PM2.5 as high 
exposure and < 10 µg/m3 PM2.5 as low exposure there is a contrast of 
four levels of exposure. The RRobs across four levels of exposure = 1.06 4 

= 1.26. 
Step 2. For RRobs = 1.26 the E-value is 1.83 based on the formula 

given above ((1.26 + sqrt(1.26*(1.26–1)) = 1.83) 
Step 3. Smoking is one of the confounders that is correlated with 

both mortality and air-pollution and for which information is available 
Therefore, we used smoking as a reference confounder. Unfortunately, 
there were no systematic reviews identified; therefore, the information 
of a large cohort study was used. In this recent big Australian cohort 
study, the RRCO of mortality resulting from smoking versus never 
smoking adjusted for age, other life-style factors and area of residence, 
was reported as 2.96 (95% CI 2.69 to 3.25) (Banks et al., 2015). Even 
though in most studies there seems to be a relation between smoking and 
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air-pollution, the direction of the relation is less clear. Some studies 
report a positive association with more persons smoking in areas with 
high pollution (Jerrett et al., 2004) and others report less persons 
smoking in areas with high pollution (Villeneuve et al., 2011). This 
could be due to the scale of the measurement, where the first studies 
looked at city level data and others at country level data. We took the 
study of Jerret et al., which reported the smoking prevalence in areas 
with high and with low air pollution of 42.8% and 28.1%. This results in 
a RRCE = 1.52. Because the values of the RRCE and RRCO diverge, we 
calculated the bias factor as (1.52*2.96)/(1.52 + 2.96–1) = 1.29. We 
divided the RR obs by the bias factor and the unconfounded true effect 
size could therefore be RR unconfounded = 1.26/1.29 = 0.97. 

Step 4. This means that a reference confounder as smoking could 
reduce the observed RR of 1.26 to the null value. Unmeasured residual 
confounding could have a similar effect as smoking. This led us to the 
conclusion that residual confounding could still play a role in the 
observed pooled effect size and we would not upgrade the certainty of 
the evidence for the effect size found in the systematic review. Given 
that smoking is considered a critical confounder in air pollution studies 
and there is uncertainty about the associations with exposure and 
outcome, a systematic review of the relations of smoking with air 
pollution and mortality is warranted. If such a systematic review would 
clearly show that smoking is not a critical confounder, our judgement of 
the effect of residual confounding might also change. 

5.2. Case study 2: Red meat and overall mortality 

Step 1. Zeraatkar et al conducted a systematic review of red and 
processed meat consumption and overall mortality (Zeraatkar et al., 
2019). The review identified 31 prospective cohort studies which were 
included in their analyses, but the results were based on 8 studies that 
were at low risk of bias. The authors conducted a meta-analysis of the 
risk of overall mortality for a contrast of 3 servings red and processed 
meat consumption per week. They found a pooled RR of 0.88 (95% CI 
0.84 to 0.93; low certainty evidence) for persons consuming 3 servings 
red and processed meat per week less than those in the comparison 
group. 

The average difference in combined red and processed meat con-
sumption between the highest and the lowest categories was 3 servings 
per week. The authors estimated the weight of a serving of combined 
processed and red meat at 100 g. Thus, the exposure contrast is 300 g/ 
week or 43 g per day. The average American diet contained 471 g per 
week or 67 g per day of red processed and unprocessed meat in 
2015–2016. The contrast measured in the systematic review would 
mean that the average American consumption would be lowered by 43 g 
from 67 g to 24 g/day. This decrease in consumption of 64% seems a 
relevant contrast that may have an important effect on mortality. For 
this contrast, we will look at the effect a reference confounder has. 

The authors of the systematic review assessed that all studies were 
definitely or probably sufficiently adjusted for confounders. In subgroup 
analyses, they found a difference between studies with high risk of bias 
and studies with low risk of bias, and therefore, the results are based on 
the studies at low risk of bias only. They started the GRADE assessment 
at low certainty because of the observational design and did not see a 
reason for downgrading the evidence because the results were based on 
studies at low risk of bias only. 

Step 2. The E-value for a RR of 0.88 is 1.54 based on the formula for 
the E-value where the RR smaller than one has been substituted by its 
reciprocal: ((1.14 + sqrt(1.14*(1.14–1)) = 1.54). 

Step 3. We took BMI as an informative reference confounder and 
searched for associations of a BMI > 30 and red meat exposure and 
mortality. Grosso et all evaluated the relation between BMI and red meat 
in their systematic review of health risk factors associated with meat, 
fruit and vegetable consumption in cohort studies (Grosso et al., 2017). 
Based on the regression equation for BMI and red meat, the likelihood of 
a BMI > 30 at the average red meat consumption of 67 g/day is 20.1% 

and at the low level of red meat consumption it is 15.7%. This leads to an 
RRCE of BMI and red meat of 1.28 which is considerably smaller than the 
E-value of 1.54. 

Aune et al., conducted a systematic review of cohort studies of BMI 
and mortality (Aune et al., 2016). They conducted subgroup analyses for 
healthy never smokers because this subgroup will provide the least 
biased results. They provided RRs per category of 2.5 BMI points 
compared to the lowest category of BMI = 23. For BMI categories over 
30 the risks increase quite fast with RRCO = 4 for a BMI = 45. Since these 
very high categories are not prevalent, we considered the RRCO for a BMI 
of 32.5 as most relevant. The RRCO of mortality for a BMI of 32.5 
compared to a BMI of 23 is 1.39. This confounder-outcome relation is 
also smaller than the E-value. 

Step 4. Associations of an informative reference confounder with 
both exposure and outcome are smaller than the E-value of 1.54. The 
studies already adjusted for a large number of confounders that are 
likely to be correlated. Only an unknown unmeasured independent 
confounder stronger than BMI (RR = 1.39) could result in a reduction of 
the observed RR to the null value. This leads to the conclusion that it is 
unlikely that unmeasured residual confounding can easily reduce the 
observed RR to a null effect and may justify rating up the certainty of the 
evidence for this reason. 

A further three case studies on the effects of changes in diets can be 
found in Annex 1. 

5.3. Case study 3: Organochlorine chemicals and endometriosis 

Step 1. Cano-Sancho et al conducted a systematic review of studies 
evaluating the relation between exposure to organochlorine chemicals 
and endometriosis. They categorized exposures as dioxins, poly-
chlorinated biphenyls (PCBs) and organochlorine pesticides (OCPs). We 
further evaluated the relationship between dioxins and endometriosis. 
The authors found an OR of 1.65 (95% CI 1.14 to 2.39). Given that the 
prevalence of endometriosis is between 5% and 15%, the OR is probably 
an overestimation. Therefore, we transformed the OR to a RR assuming a 
prevalence of 15% based on the formula RR = OR/(1 − p0+(p0 × OR)) 
in which p0 is the prevalence at baseline (Grant, 2014). This leads to a 
RR of 1.50. The observed RR is for the ‘high versus low percentiles’ but 
the authors do not specify what this means in terms of dioxin exposure or 
measurements. Because there are no numerical values attached to the 
high and low percentiles, it is impossible to know what the contrast is in 
absolute terms. It is therefore not possible to assess what the levels of 
exposure are that are measured in this contrast. 

The review authors considered a long list of potential confounders 
and assessed age and body mass index as critical confounders which 
absence would lead to a high risk of bias. We categorized them as soci-
odemographic: employment status, income, health insurance status, 
ethnicity; life-style related: smoking, caffeine consumption; adipose tissue- 
related: adipose tissue, body mass index, weight loss, weight modifica-
tion; reproduction-related: familial history, age at menarche, parity, 
gravidity, breastfeeding conditional on parity; menstruation-related: 
tampon use, menstrual cycle; menstrual cycle dysregulation; menarche 
status; menstrual regularity; and other exposures: oral contraceptives; 
dioxin-like compounds; polybrominated biphenyls; polybrominated 
diphenyl ethers; phthalates esters; brominated flame retardants. 

Step 2. The E-value for a RR of 1.50 is 2.37 based on the formula 
1.50 + sqrt(1.50*(1.50–1) = 2.37. 

Step 3. To judge the likelihood of unmeasured residual confounding 
based on an E-value of 2.37, we considered BMI as an informative 
reference confounder. Kim reported that measures of organochlorine 
chemicals are two to three times higher in obese as compared to lean 
persons (Kim et al., 2011). A RRCE of 2.5 for the relation between BMI 
and dioxin could therefore be a good estimate of the relation. However, 
Backonja et al report that there may be a small preventive effect of being 
obese on the occurrence of endometriosis (Backonja et al., 2016). This 
would mean that BMI does not have a confounding effect or at best an 
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unclear effect on the observed RR. 
Step 4. Given the uncertainty about the exposure contrast for which 

the RR was observed, the uncertainty about the effects of the reference 
confounder and the large number of different independent confounders 
we could not reach a conclusion about the likelihood of residual con-
founding. Consequently, we did not see a reason to upgrade the certainty 
of evidence. 

6. Discussion 

We used the concept of the E-value instead of proposed thresholds of 
large or very large magnitude of effect to make a judgement about the 
potential impact of residual confounding in the conclusions of system-
atic reviews of public health and environmental and occupational health 
studies. In all three case studies the effect sizes were smaller than 2 and 
therefore none would be rated up for certainty of the evidence due to 
large effect size under current GRADE guidance. However, we have 
demonstrated that, based on the E-value, one of these bodies of evidence 
may be rated up for certainty. This is because residual confounding is 
unlikely to explain the observed association, even though the effect size 
does not cross the current GRADE thresholds for large or very large ef-
fects. The use of the E-value was relatively easy and feasible in all three 
cases. It is important to emphasize that rating up the certainty in evi-
dence requires that there be no other serious concerns that would lower 
certainty, such as risk of bias in important domains such as exposure or 
outcome assessment, inconsistency between study results, imprecision 
in the final pooled result, or publication bias. 

Even though the use of the E-value seems helpful in making judge-
ments about the likelihood of residual confounding, there are still issues 
that require further testing. In the GRADE approach, a large effect size is 
a reason to upgrade where we argue that it is not the large effect size in 
itself but the reason should be that residual confounding is not likely to 
affect the observed estimate of effect. Confounding and other bias issues 
are currently dealt with in three different domains in GRADE. First, one 
should assess if there are reasons to downgrade based on limitations in 
studies such as risk of bias, then one should assess if unlikely residual 
confounding is a reason to upgrade and then one should again assess if 
the direction of all plausible confounding opposes the observed associ-
ation as a reason to upgrade. It could be argued that these three domains 
should be addressed in the ‘risk of bias’ domain alone, but this goes 
beyond the scope of this paper and should be further explored. 

6.1. Strengths and limitations 

The strength of this proposal is that it shows that the concept of the E- 
value is feasible to use in systematic reviews of observational studies of 
exposure in environmental and public health with small effect sizes. This 
approach provides more transparency in assessing the effects of con-
founding. First, it takes the RR for a relevant contrast as the point of 
departure and not an arbitrary incremental RR. It also increases trans-
parency by assessing the numerical values for the relation of the con-
founders with both exposure and outcomes. This is an important step 
because in the GRADE large effect size approach the cut-off of RR = 2 
assumes that a confounder would hardly ever have an association with 
exposure or outcome>3.4. However, age or sex could easily reach these 
magnitudes. Also, for the E-value approach, the judgement of a large E- 
value assumes that these confounder associations will seldom be >2 for 
all-cause mortality (VanderWeele et al., 2019a). We believe that the 
comparison with a reference confounder makes the procedure more 
transparent which is also advocated by VanderWeele and Mathur 
(VanderWeele and Mathur, 2020). The approach does contain some 
mathematics, but these are all simple and can be easily solved without 
the help of sophisticated software. Even though a cut-off value is simpler 
to use, the proposed E-value approach is based on more insight into the 
effect of confounders. 

There are also some limitations of the proposed approach. For 

example, we have not taken into account the confidence intervals sur-
rounding the observed effect size. However, as part of step 4, the E-value 
can also be applied to the lower limit of the confidence interval and one 
can assess if this value also excludes residual confounding. The judge-
ment could then be made with more certainty. We have not considered 
the certainty of the evidence of the relations of the confounder with the 
exposure and the outcome. It would also be possible to use several 
reference confounders to see if there are differences. This should be 
considered in step 4 before deciding to upgrade or not. 

We have restricted the application of the E-value to the assessment of 
residual confounding, but it can also be applied to missing known con-
founders as a part of the risk of bias assessment. If specific confounders 
are missing in a study or the body of evidence, and information on the 
relation with outcome and exposure is available, a similar sensitivity 
analysis or external adjustment as for residual confounding can be made. 
This should then be part of the risk of bias assessment and the decision 
whether to rate down for this missing confounder or not. 

The choice of an appropriate known reference confounder that is 
informative remains arbitrary. Nevertheless, quantifying the relations of 
the confounder with outcome and exposure of interest is very informa-
tive (Lash et al., 2014). As Fig. 1 shows, the impact of a confounder can 
lead to a reduction of the observed RR to the null value or just a slight 
decrease in the magnitude of the observed RR. These two situations 
would lead to very different conclusions and can only be assessed 
quantitatively. A limited number of confounders plays an important role 
in many studies of environmental and occupational health for example 
lifestyle-factors such as smoking, exercise or BMI. It would be helpful for 
making a judgement about the magnitude of their confounding if the 
relation with important outcomes such as mortality, diabetes, myocar-
dial infarction would be readily available and accessible in a database. 

6.2. Implications for practice and research 

Other authors assessed E-values in air pollution and nutrition studies 
but did so at the aggregated level of 100 studies in a specific field of 
science (Trinquart et al., 2019). For the air pollution studies the average 
RR was 1.16 which has a corresponding E-value of 1.59. They concluded 
that with this E-value air pollution could still be a field in which studies 
are vulnerable to bias due to unmeasured residual confounding. We 
contend that in the absence of analysis that specifies the confounders 
and assesses the relation of the confounders to the exposure and 
outcome of interest, the E-value adds little-value to the finding of an RR 
of 1.16. The E-value only becomes informative in the light of the specific 
context of a known measured confounder. Blum et al explored how 
authors of studies used the E-value and found that in only 14 of 87 pa-
pers that had reported the E-value, authors concluded that their results 
could be biased by unmeasured residual confounding and only 19 out of 
87 related the E-value to specific known confounders (Blum et al., 
2020). Not surprisingly, they found that E-values of the same magnitude 
could lead to divergent conclusions. Therefore, it is important that the E- 
value be interpreted cautiously and related to known confounders. Even 
then, the likelihood of residual confounding will be a judgement and not 
a calculation. Lastly, there are inherent known limitations to the 
different association measures that should be considered, such as 
asymmetry and statistical properties of the relative risk and interpreta-
tion challenges of the odds ratio (Murad et al., 2009). 

This approach can be useful also for other fields and other types of 
studies especially where small effect sizes can have important implica-
tions from the population perspective. This should be further explored. 

In conclusion, in this GRADE concept paper, we have explored the 
application of the E-value to the results of systematic reviews in envi-
ronmental and public health topics with small effect sizes. We propose 
that this approach can facilitate the judgement of the likelihood of un-
measured residual confounding. This approach appears to have value as 
a transparent basis for upgrading the certainty of the evidence that relies 
on available data. With current guidance based on cut-off values there is 
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a chance that we are missing an opportunity to upgrade for evidence that 
has a RR < 2. Still, it is not likely that we will upgrade inappropriately 
based on the E-value approach. We recommend further testing and 
exploration to evaluate if it will qualify for GRADE guidance. 
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