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Abstract

Background: E-values are a recently introduced approach to evaluate confounding in ob-

servational studies. We aimed to empirically assess the current use of E-values in pub-

lished literature.

Methods: We conducted a systematic literature search for all publications, published up

till the end of 2018, which cited at least one of two inceptive E-value papers and pre-

sented E-values for original data. For these case publications we identified control publi-

cations, matched by journal and issue, where the authors had not calculated E-values.

Results: In total, 87 papers presented 516 E-values. Of the 87 papers, 14 concluded that re-

sidual confounding likely threatens at least some of the main conclusions. Seven of these

14 named potential uncontrolled confounders. 19 of 87 papers related E-value magnitudes

to expected strengths of field-specific confounders. The median E-value was 1.88, 1.82, and

2.02 for the 43, 348, and 125 E-values where confounding was felt likely to affect the results,

unlikely to affect the results, or not commented upon, respectively. The 69 case-control pub-

lication pairs dealt with effect sizes of similar magnitude. Of 69 control publications, 52 did

not comment on unmeasured confounding and 44/69 case publications concluded that con-

founding was unlikely to affect study conclusions.

Conclusions: Few papers using E-values conclude that confounding threatens their

results, and their E-values overlap in magnitude with those of papers acknowledging sus-

ceptibility to confounding. Facile automation in calculating E-values may compound the

already poor handling of confounding. E-values should not be a substitute for careful

consideration of potential sources of unmeasured confounding. If used, they should be

interpreted in the context of expected confounding in specific fields.
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Introduction

Confounding due to unmeasured or uncontrolled con-

founders creates serious problems for the interpretation of

results from observational studies.1,2 Many approaches

have been developed to address the issue of confounding in

observational studies through sensitivity analyses.3–6 One

recently proposed approach by VanderWeele and Ding in-

troduced the E-value, the minimum magnitude of associa-

tion that an unmeasured confounder needs to have with

both the exposure and the outcome to fully explain away

the observed exposure-outcome association, conditional

on the measured covariates.7,8

However, in a recent conceptual paper published in

Annals of Internal Medicine, we have outlined several ma-

jor conceptual problems of E-values.9 E-values are based

on often highly speculative assumptions, such as assuming

that exposure prevalence and confounder prevalence are at

the point that maximizes confounding. Also, E-values have

a monotonic relationship with effect estimates10 and there-

fore provide little additional information. Importantly, no

guidance exists on what range of E-values is acceptable to

stop worrying about residual confounding.

We are concerned that E-values may be used in the scien-

tific literature as a misleading alternative to critical appraisal

and careful thinking about the handling and reporting of

confounding in observational data, but empirical data on the

use of E-values are lacking. The purpose of the current study

was therefore to make an empirical assessment of the current

use of E-values in scientific publications.

Methods

Identification and selection of studies

We used Google Scholar to identify all publications that

were published until the end of 2018 and that cited at least

one of the two original publications that first introduced

the concept of E-values.7,8 The search was performed with

no restrictions on 24 July 2019.

Data collection

Two reviewers (Y.J.T., M.R.B.) extracted data from each

identified study’s data on study characteristics (study type,

protocol registration as reported by authors), E-values

[number and individual values of E-values for effect esti-

mates and for lower/upper confidence limits (CLs) of

effect-measure estimates (in particular the CL closer to the

null), verbatim language of E-value use (in the Abstract,

Methods, Results and Discussion, respectively)], any other

types of sensitivity analyses performed to assess confound-

ing and any mentioning of specific uncontrolled or only

partially controlled confounders. Studies were classified

into different scientific fields according to the Web of

Science Categories (studies could be classified into multiple

categories). Supplementary Table 1, available as

Supplementary data at IJE online, contains all extracted

data.

Synthesis and appraisal

We calculated E-values for lower or upper CLs of effect

estimates (the CL closest to the null) where authors did not

provide them in the publications, using the web-based tool

provided at [https://www.evalue-calculator.com]. We did

not calculate E-values for papers not reporting any E-

value, nor for papers reporting the joint bounding factor

through large tables as proposed by Ding and

VanderWeele.8 We categorized studies according to their

author-defined, E-value-based conclusion about the threat

of residual confounding from uncontrolled variables to the

main results as either ‘unlikely to affect’, ‘likely to affect’,

Key Messages

• The E-value is a new standardized approach for sensitivity analyses on confounding in observational studies, but it

presents conceptual and validity problems.

• Our empirical analysis shows that the vast majority of authors concluded, based on E-values, that uncontrolled con-

founding was unlikely to be a major concern.

• There is no clear demarcation in magnitude between E-values used to acknowledge susceptibility to confounding and

those that do not.

• Facile automation in calculating E-values may compound the already poor handling of confounding.
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or ‘no comment’. Where studies presented multiple E-val-

ues with differing conclusions, categorizing was done at

the individual E-value level. We categorized the conclu-

sions of additional sensitivity analysis results as ‘support-

ing main conclusions’, ‘not supporting main conclusions’,

or ‘no comment’.

Matched control studies

We compared effect sizes obtained from papers within our

review (‘case publications’) with effect sizes from a

matched set of control publications that had been pub-

lished in the same journal and issue but where the authors

had not reported any E-values. Effect sizes were extracted

from the abstract of these control studies. The matched

analysis was restricted to case publications which reported

at least one odds ratio, risk ratio, or hazard ratio in their

abstracts for which an E-value had been calculated any-

where in the paper. For each case, we found a control pub-

lication that also had at least one odds ratio, risk ratio, or

hazard ratio in its abstract but had not calculated any

E-value anywhere in the paper. There were a total of 69

case-control pairs. The control publications were selected

by going forwards (i.e. in the next pages in the same issue)

within issues containing case publications. If no control

publications were found that reported the above effect

measures in their abstracts, we searched backwards (i.e. in

the preceding pages within the same issue). If no control

publications were found within the same issue, the subse-

quent issue was searched, until an eligible control publica-

tion could be identified. If effect sizes were less than one,

we used their inverse in this comparison. Whenever there

were multiple eligible effect sizes reported in an abstract,

the median effect sizes were calculated. Comparison be-

tween the case and control publications for the log median

effect sizes used a paired t test. We also assessed whether

case versus control publications stated that their results

were likely to be affected by confounding and whether

they mentioned any specific uncontrolled potential con-

founders that were felt to threaten at least some of the

main conclusions. Supplementary Table 2, available as

Supplementary data at IJE online, contains extracted data

used in the case-control comparison along with references

of included case and control publications.

Data cleaning, analysis and plotting

The following R packages were used for data cleaning and

analysis: ggplot2,11 tidyr12 and gridExtra.13 Publish or

Perish was used to extract titles and publication informa-

tion from Google Scholar.14 Datasets and scripts used in

this project have been deposited online on the Open

Science Framework at [https://osf.io/4vxph/? view_

only¼472957acd3af4687b3702889df5e0776].

Results

We identified 159 articles that cited one of the original

papers introducing E-values. We excluded two articles to

which we were unable to obtain access. Of the remaining

157 articles, 70 did not apply E-values to specific data. Of

the 87 articles that did apply E-values to specific data, 33

reported E-values only for point effect estimates and 50

also included calculations for a CL, always for the 95%

confidence interval. Four studies presented only E-values

for the CL and not the point estimate. We therefore calcu-

lated the E-values for the 95% CL of the point estimates in

these 33 articles. A total of 516 E-values for the point esti-

mate were presented in the 87 papers.

Additional key study characteristics are shown in

Table 1. The majority of studies using E-values were co-

hort studies, and the majority of E-values were calculated

from risk ratios. Four were pre-registered. Overall, 51

papers concluded that residual confounding of a magni-

tude indicated by the respective E-values in those publica-

tions was unlikely, 11 concluded that residual confounding

could affect the results, three papers concluded that some

associations could be affected by confounding and others

were unlikely to be affected and 22 made no comment.

The exact relevant phrasing is shown in Table 2.

Of 87 articles reporting E-values, 34 named specific var-

iables that could be confounders but were not accounted

for in the analysis (either not accounted for at all or

accounted for in some suboptimal form that could still

leave residual confounding). One such variable was named

in nine articles, two were named in eight articles and more

than two were named in 17 articles. The maximum num-

ber of potential confounders named was six. Of these 34

articles, 18 concluded that residual confounding from the

known but uncontrolled variables was unlikely to affect

the main results, two articles made this conclusion for

parts of the main results, five articles concluded that resid-

ual confounding from these variables was likely to affect

the main results and nine articles did not comment on this.

Articles that concluded that residual confounding was

likely (based on the E-value) did not differ in their ap-

praisal of the impact of specific residual confounders ver-

sus articles that concluded that residual confounding was

unlikely (Table 3).

19 of the 89 studies (21.3%) related the magnitude of

the E-value to the expected strength of confounders in the

field, to determine if a known but unmeasured confounder

was likely to pose a threat to validity. Of these, 15 articles

concluded that it was unlikely for confounders equivalent
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or greater in magnitude than the observed E-values to ex-

ist, and that residual confounding was unlikely to be a

threat. Three articles concluded that the magnitude of the

E-value was not implausibly large and residual confound-

ing could pose a threat to validity. The remaining study

concluded that confounding was a threat for a portion of

the main results. The exact phrasing used is shown in

Table 4.

Figure 1 shows the range of E-values for point effect

estimates and of E-values for the 95% CL closest to the

null for the claims listed in Table 2. As shown, there is no

clear demarcation of what magnitude of E-values is large

enough to herald protection from confounding. For exam-

ple, a population-based study investigating perinatal infant

infections in women with and without systemic lupus ery-

thematosus, with E-values of 1.9 to 6.1 for the effect size

point estimates and 1.0 to 3.0 for the 95% CL, claimed

that confounding may still affect the results, specifically

citing E-values such as 2.1 and 1.9.15 However, another

study, investigating the effect of interpregnancy intervals

on adverse perinatal outcomes, specifically cited E-values

of 1.11 to 3.5 for the effect size point estimates and 1.0 to

3.06 for the 95% CL to support the claim that confound-

ing may not affect the results.16 In all cases where con-

founding was deemed likely to affect the results, the

E-value was <4.0 for the 95% CL. However, only 10%

(43 of 440) of all E-values <4.0 for the 95% CL were

translated as ‘confounding likely to affect the results’,

whereas 71% were translated as ‘confounding unlikely to

affect the results’ and for the other 19%, there was no

comment made. For the 239 E-values <1.5 for the 95%

CL, the proportions were very similar, i.e. 11%, 71%, and

18%, respectively.

The median point estimate E-value was 1.88 [interquar-

tile range (IQR), 1.48 to 2.52], 1.82 (1.4 to 2.71) and 2.02

(1.46 to 3.68), for the 43, 348, and 125 E-values where

confounding was deemed likely to affect, unlikely to affect

the results, or not commented upon, respectively. The me-

dian E-value for the 95% confidence interval was 1.28

(1.02 to 1.74), 1.49 (1 to 2.04), and 1.65 (1.16 to 3.03), re-

spectively; 355 of 478 E-values were calculated for statisti-

cally significant point estimates, representing 74.3% of

point estimates for which statistical significance was

clearly reported.

Of 87 articles with reported E-values, 73 addressed bi-

nary exposures and 14 had continuous exposures. Of the

14 studies focusing on continuous exposures, three studies

expressed the E-values on a per standard deviation scale,

one expressed E-values per 10-unit increase in exposure

and 10 compared only the highest and lowest quantiles.

The vast majority of the E-values were calculated for ratio

measures, with only seven (1%) of the E-values calculated

for measures such as risk difference and standardized mean

difference.

Of 87 articles reporting E-values, 49 presented the results

of at least one other sensitivity analysis (range, 1 to 5). A to-

tal of 39 sensitivity analyses varied the analysis model

assumptions or the analytical methods, 22 restricted the

study sample, 10 varied the exposure definition, and five

varied the outcome definition (Supplementary Table 1,

available as Supplementary data at IJE online). Of these 49

articles, 33 claimed that E-values showed results unlikely to

be influenced by uncontrolled confounders. Of the remain-

ing 16 articles, two claimed that E-values showed results

likely to be influenced by uncontrolled confounders, 13

made no comment, and one presented diverging conclusions

for different E-values. Of the 49 articles presenting at least

one other sensitivity analysis, 46 reported that the addi-

tional sensitivity analyses supported the main conclusion

Table 1. Key characteristics of studies reporting E-values

Number of eligible studies 87

Number of E-values reported/study, median (IQR) 2 (1.0–3.0)

Number of registered studies, n (%) 4 (5)

Types of outcome used for E-value calculation, n (%)

Risk ratio 277 (53)

Odds ratio 92 (18)

Hazard ratio 107 (21)

Standardized mean difference 6 (1)

Risk difference 1 (0.2)

Linear regression coefficient 33 (6)

Study types, n (%)

Case-control 4 (5)

Cohort 67 (77)

Commentary 7 (8)

Cross-sectional 4 (5)

Meta-analysis 2 (2)

Nested case-control 1 (1)

Randomized controlled trial 2 (2)

Common fields of study, n (%)a

Medicine, general & internal 28 (32)

Public, environmental & occupational health 15 (17)

Paediatrics 7 (8)

Infectious diseases 6 (7)

Oncology 6 (7)

Obstetrics & gynaecology 5 (6)

Rheumatology 4 (5)

Cardiac & cardiovascular systems 3 (3)

Endocrinology & metabolism 3 (3)

None 3 (3)

Pharmacology & pharmacy 3 (3)

Psychiatry 3 (3)

Respiratory system 3 (3)

Substance abuse 3 (3)

aFields of study were derived from the Web of Science Categories. Each

study may be classified under multiple such categories, not shown are 21 cate-

gories with 1–2 studies each (total of 27).
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Table 2. E-values used to conclude that confounding is unlikely or likely to affect the results

Authors’ conclu-

sion on validity

threata

Ref.

(study)

Wording

Unlikely S8 . . . the evidence of association seems reasonably strong because substantial unmeasured confounding

would be needed to explain away the observed association

S9 . . . our sensitivity analyses suggest that substantial confounding is highly unlikely

S11 These results demonstrate that substantial unmeasured confounding would be needed to reduce the

observed associations to null

S13 Our sensitivity analyses suggested that an unmeasured confounder would need to be large . . . to

explain away the observed associations

S18 To our best knowledge we are unaware that there is such a strong confounder between magnesium

and the prevalence of chondrocalcinosis

S21 . . . sensitivity analyses revealed that it would take very strong confounding to negate the associations

observed in this study

S22 . . . we found our result was somehow robust . . . to potential unmeasured confounder(s)

S24 We are not aware of any potential confounder of this strength that is not already included in the

model

S25 . . . relatively substantial residual unmeasured confounding was needed to explain away the observed

significant associations

S26 . . . our E-value sensitivity analysis suggested that any unmeasured factor would need to be exception-

ally strongly correlated . . . to explain away our study findings

S27 A putative unmeasured or unknown confounder or a set of confounders . . . would have to exhibit a

very strong association . . . to explain away the observed association

S31 . . . relatively influential unmeasured confounders would be needed to negate the observed

associations

S32 This is unlikely to be the case, . . . suggesting that residual confounding has been minimized and that

the results are unlikely to be biased

S37 . . . sensitivity analyses suggest that this is unlikely to explain the study findings

S38 . . . unlikely that there are any confounders with sufficient magnitude to explain away the mostly high

HRs presented in this study

S41 Such substantial confounding by unmeasured factors seems unlikely. . .

S43 . . . it is not likely that our findings could be completely attributable to residual or unmeasured

confounding

S44 . . . unmeasured confounding of considerable strength would be needed to fully explain the observed

associations

S48 . . . our findings are robust to potential unmeasured confounders

S51 . . . while residual confounding is possible, it is unlikely to explain the entire association

S53 . . . this unmeasured variable would need to be moderate in size. . .

S54 . . . an effect estimate of a level of 1.6, which is considered quite high. . .

S67 . . . provides some reassurance that even a modest RR of 1.2 is relatively robust to unmeasured

confounding

S72 . . . such residual confounder effect needs to be quite strongly associated with exposure or outcome

S81 . . . sensitivity analyses suggested that these and other potential confounding factors would have to be

strong to explain the observed association

S84 . . . would have to increase both the likelihood of being in the uppermost quartile for either sedentary

characteristic and the risk for all-cause mortality by 2.0- to 3.0-fold above the measured covariates.

This would constitute substantial confounding

S105 Such substantial confounding by unmeasured factors seems unlikely

S106 For an unmeasured confounder to fully explain away the association . . . it would have to both in-

crease the likelihood of service attendance and decrease the likelihood of depression by 2.1-fold,

above and beyond the measured covariates, which may not be likely

S108 Analyses estimating the effect of such unmeasured confounders revealed that each of the confounder–

interval CRC and confounder–race/ethnicity associations would need to exceed 1.50 to substan-

tially alter our main findings, a level not observed in most studies of overall CRC risk

(Continued)
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Table 2. Continued

Authors’ conclu-

sion on validity

threata

Ref.

(study)

Wording

S119 Such substantial confounding by unmeasured factors seems unlikely

S123 Sensitivity analyses indicate that the most important observed associations . . . are probably not a re-

sult of any potential effect of unmeasured confounders

S124 The only measured confounder of similar magnitude was prepregnancy obesity, so it is unlikely that

our associations could be explained away by an unmeasured confounder

S125 For our study, we believe that this degree of confounding remains unmeasured is implausible and, as

such, do not believe that our conclusions would change

S126 Given that this risk ratio is much greater than any observed for known macrovascular disease risk fac-

tors examined in the current study . . . it is implausible that an unmeasured confounder exists that

can overcome the effect of bariatric surgery observed in the current analysis study

S127 Substantial confounding would be required to fully explain the observed association

S128 Residual confounding likely persists, but sensitivity analyses suggest that this is unlikely to explain the

study findings

S132 Using the E-values, we found that an unmeasured confounder needs to be associated with both diet

and asthma by a risk ratio of roughly 2.0 (at least) to explain away the association, which we

believe is unlikely

S134 For an unmeasured characteristic to render the described association . . . nonsignificant, it would have

to show an adjusted risk ratio of at least 1.82 . . .. while we cannot rule out the presence of such an

unmeasured confounder, of the measured patient characteristics included in our multivariable

model, no covariate satisfied this requirement

S135 . . . for unmeasured confounding to change our results such that allopurinol’s true effect is harmful

would be unlikely (E value, 2.84)

S137 . . . an unmeasured confounder would need to be associated with allergy and complicated appendicitis

by approximately 2.9-fold for the OR (and approximately 1.9-fold for the 95% CI) above and

beyond the measured variables to explain the observed effect of allergy. Socioeconomic variables

were not available, and information about primary care visits were introduced in the countywide

electronic medical records only from 2015 onward, corresponding to approximately one-sixth of

the patients; however, we believe that the inclusion of self-reported duration of symptoms in the

multivariable model compensates well for this limitation

S138 There was moderate evidence suggesting the associations of forgiveness with psychosocial well-being

and mental health outcomes were likely robust to unmeasured confounding. . .. similarly strong

unmeasured confounding between forgiveness and other psychological and mental health outcomes

would be needed to explain away the observed associations, suggesting that these associations are

somewhat robust to unmeasured confounding

S140 The high E-values from the sensitivity analysis suggest that it is unlikely that unobserved confounders

would nullify the conclusions for the high-risk patients

S143 . . . our findings are unlikely to be fully explained by unobserved confounding given that only a vari-

able with a strong association with both water insecurity and probable depression could completely

explain away the estimated association

S146 Results from the sensitivity analysis also suggest that a number of the observed associations are rela-

tively robust to potential unmeasured confounding

S147 However, we do not know of any genetic factor(s) with an RR�1.25; thus it is unlikely there is a con-

founding factor of this size or larger

S149 Notably, the high E-value validates the strength and robustness of the observed findings to the pres-

ence of an unmeasured cofounder

S152 The E-value indicated that our treatment effect has moderate robustness to unmeasured confounders

S155 . . . an unmeasured confounder associated with both PCB serum levels and hypertension onset could

bias the estimate substantially with a risk ratio of 4.25 or higher for each of them. To move the con-

fidence interval to include the null, an unmeasured confounder should be associated with PCB ex-

posure and hypertension with a risk ratio of 1.92. The magnitude of this effect seems however to be

higher than that commonly found for dietary patterns that could be related to both PCB serum

levels and hypertension

(Continued)
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and one article made no comment; 21 of the 49 studies

employing other sensitivity analyses also mentioned addi-

tional, uncontrolled, likely confounders. A cross-tabulation

of E-value-based conclusions and additional sensitivity

analysis-based conclusions is also presented in Table 3.

Median effect sizes were similar between those reported

in studies included in our review and those calculated from

matched control studies where the authors had not

reported any E-values. The median effect sizes were larger

in the case publication than the control in 31 pairs and

Table 2. Continued

Authors’ conclu-

sion on validity

threata

Ref.

(study)

Wording

S157 Such a confounder would need to be associated with our intervention and mortality by the same rela-

tive risk of �1.85, and not lower . . . we cannot identify such a strong unmeasured factor or a differ-

ential exposure that might account for the observed association

S158 . . . the strength of association on the risk ratio scale that an unmeasured confounder would need to

have with both early retention and mortality, conditional on the measured covariates . . . would

need to be at least 3.7 (for the point estimate to be 1) or 2.9 (for the upper limit of the 95% CI to

include 1); these are substantial, and suggest that early retention does in fact decrease the risk of

mortality

S159 . . . it is unlikely that these variables would have an effect on cancer risks strong enough to explain

away the observed association

Likely S16 Unmeasured frailty might also explain the observed HR of 0.86 for mortality, if frailty were indepen-

dently associated with 1.46-fold increased risks of having a heart rate <70 beats/min and mortality

S17 Other factors . . . could be responsible for the observed mediation effect . . . given how sensitive these

results were to unmeasured confounding

S23 It is quite possible that such an unmeasured confounder exists, which is a limitation of our study

S33 . . . even minor uncontrolled risk and protective factors . . . may, in combination, bias. . . findings

S40 Relatively weak unmeasured confounding could overturn the exposure-outcome association

S47 An unmeasured confounder could move the lower confidence bounds on these associations below the

null

S52 Such level of confounding is not uncommonly large and would render the results no longer significant

S141 An unmeasured confounder associated with both tamsulosin exposure and development of dementia

by an RR of 1.62 does not seem implausible. Furthermore, the confidence interval around the HR

. . . could be moved to include the null by an unmeasured confounder that was associated with both

the treatment and the outcome by an RR of 1.54-fold each . . . again, such an unmeasured con-

founder does not seem implausible

S144 However, given the abovementioned RCTs and that our result was sensitive to potential unmeasured

confounders E-factor 1.74, we feel that our results should not be interpreted as conclusive and that

further modern RCTs are needed

S154 We . . . observed that even modest unmeasured confounding could be an alternate explanation for the

apparent comparability of 8- and 12-week regimens not only in our study but also prior studies

S156 The E-values indicate that a fairly small effect size of the unmeasured confounders might be sufficient

to explain the reported associations

Both S5 . . . not likely to represent a threat to the adjusted models; although the assessment of unmeasured con-

founding for the RR model did point to some imprecision in the confidence intervals for the inter-

vention-outcome associated identified

S14 The possibility for a confounding as strong as 21.7 is very low as the effect sizes of 3-fold or more are

not particularly common in biomedical and social sciences research . . . however, the E-value of 1.4

for the CI indicates that substantial confounder associations with caffeine intake and oral clefts

could potentially move the CI to include 1

S39 Sensitivity analysis showed relatively high E-values . . . suggesting that these associations are unlikely

due to unmeasured confounders. Conversely, the E-values for ICU were lower, suggesting that the

observed associations could be ruled out by an unmeasured confounder

No comment S1, S6, S19, S42, S45, S46, S50, S55, S104, S117, S129, S130, S131, S133, S136, S139, S142, S145, S148, S150,

S151, S153

Comment: Only explicit statements are included in this table.
aThis represents the original authors’ E-value-based conclusion about the validity threat from uncontrolled confounding.
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smaller in the case publication than the control in 38 pairs.

The median of median effect size was 1.68 in the control

group versus 1.61 in the case group (P-value for the two-

tailed paired t test¼0.13, Figure 2).

In the 69 matched pairs, 44 case publications stated

that confounding is unlikely to affect the results, five stated

that confounding is likely to affect the results, two had

mixed statements and 18 made no comment. Conversely,

among control publications, only three stated that con-

founding was unlikely to affect the results, 14 stated that

confounding was likely to affect the results and 52 made

no comment. The cross-tabulation of pairs in their claims

about confounding is shown in Table 5. Uncontrolled po-

tential confounders that were felt to threaten at least some

of the main conclusions were listed in only 26 case studies

and 16 control studies.

Discussion

In this study, we sought to make an empirical assessment

of the current use of E-values in the scientific literature

since they were first introduced in 2016.8

We observed very large overlap in the E-value ranges

between studies that deemed residual confounding to be

likely versus unlikely to threaten the main conclusions.

This demonstrates that there is no clear guidance on what

constitutes a large enough E-value to stop being concerned

about potential threat of residual confounding. The origi-

nal paper introducing the E-value does not provide ranges

of E-values that are deemed large or small, but mentions

that ‘the investigator ... merely reports how strongly an

unmeasured confounder must be related to the treatment

and outcome to explain away an effect estimate; readers

or other researchers may then assess whether the con-

founder associations of that magnitude are plausible’.7

However, we argue that it is practically impossible for

readers of the research articles or other researchers to tell

with certainty what is a large, modest or small E-value.

We thus recommend that authors who still decide to use

E-values should provide guidance on their interpretation,

relating their magnitude to expected magnitudes of known

but uncontrolled confounders in the specific field of study.

Even in the case of effect sizes, where we have accumu-

lated extensive, century-long experience of what (field-

specific) effect sizes look like—e.g. typically effects of 0.2,

0.5 and 0.8 on a standardized scale are classically consid-

ered small, modest, and large, respectively17—full consen-

sus on what constitutes a large effect may still be difficult

to reach. For example, the GRADE tool considers a rela-

tive risk of 3 (which would correspond to an E-value of

5.5) as the cut-off for a large effect,18 whereas others have

proposed even a relative risk of 10 or 12 (which would

correspond to an E-value of 19.5 and 23.5) for situations

where observational data suffice and randomized trials are

unnecessary and impossible to do.19,20 Importantly, some-

times residual confounding cannot be excluded even for

effects sizes that are deemed to be large (thus also for E-

values that are as large), although, in other cases, residual

confounding may not be important even for effect sizes

that are small (thus also for E-values that are small).

Authors who decide to use E-values, should pre-specify

and explain at a minimum what is the context for their

interpretation.

We worry that E-values may be used to dismiss the

threat of residual confounding without sufficient and ro-

bust consideration. Indeed, few studies using E-values con-

cluded that residual confounding could influence their

conclusions. Moreover, the majority of studies included in

this review did not discuss any specific confounders, and

very few studies related the magnitude of the E-values to

the expected strength of known confounders in the field.

Whereas most epidemiological studies do not fully discuss

Table 3. Cross-tabulation of E-value-based conclusions and additional sensitivity analyses-based conclusions

Conclusion based

on E-values

Number

of articles

Number of uncontrolled

potential confounders

mentioned

Number

of articles

Conclusion from other sensitivity analyses

None 1 2 >2 Supports

main conclusion

Does not support

main conclusiona

No comment

Unlikely to affectb 51 33 4 4 10 33 33 0 0

Likely to affectb 11 6 2 2 1 2 2 0 0

Both 3 1 0 1 1 1 1 0 0

No comment 22 13 3 1 5 13 10 1 2

aWhere the trend observed was nullified in at least one of the results undergoing sensitivity analyses.
bThe proportions of papers with 0, 1, 2 uncontrolled confounders mentioned in these two groups were compared using a two-sided Cochrane Armitage chi

squared test for trend. Z ¼ -1.2796, dim ¼ 3, P-value ¼ 0.200.
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Table 4. Studies relating the E-value magnitude to the expected strength of confounders in the field

Authors’ conclu-

sion on validity

threata

Ref.

(study)

Wording

Unlikely S18 To our best knowledge we are unaware that there is such a strong confounder between magnesium

and the prevalence of chondrocalcinosis

S24 As in every prospective study, the possibility of residual confounding cannot be excluded despite care-

ful adjustments for important available covariates. However, such confounding needs to be associ-

ated with the exposure metabolite and the outcome, to an extent, as described by the calculated E-

values for the respective metabolites. We are not aware of any potential confounder of this strength

that is not already included in the model

S26 First, we considered and adjusted for a number of sociodemographic, psychosocial and clinical fac-

tors. Second, our E-value sensitivity analysis suggested that any unmeasured factor would need to

be exceptionally strongly correlated with both CBA and severe food insecurity at 12 months to ex-

plain away our study findings. Last, we know of no geographical trends, events or differences that

would have resulted in such drastic reductions in reported household food insecurity in the CBA

group but not the clinic-based group

S27 Given that the analyses already accounted for known confounders and employed an active compara-

tor group, to cancel the results, any uncontrolled confounder would also have to be independent of

the confounders already adjusted for and is unlikely to exist with sufficient strength required to nul-

lify the association of PPI and risk of eGFR less than 60 ml/min/1.73 m2

S32 The strength of association between unmeasured or residual confounding with exposure and outcome

would have be greater than 2 beyond the model for the result of 1.38 to be untrue. This is unlikely

to be the case and further, the risk estimates for diclofenac and naproxen are similar to prior studies

suggesting that residual confounding has been minimized and that the results are unlikely to be

biased

S51 While it is conceivable that unmeasured dietary factors are associated with seafood intake by a risk ra-

tio of >2.13-fold, we are unaware of any studies linking any specific dietary or lifestyle factors to

fecundity by a risk ratio (or FOR) >2.13-fold. For context, the FOR comparing women <27y to

�35y in this cohort was 1.96. Thus, while residual confounding is possible, it is unlikely to explain

the entire association

S72 Although we adjusted for important covariates as proxy for socioeconomic status, there may be an in-

fluence of residual or unmeasured confounding. However, such residual confounder effect needs to

be quite strongly associated with exposure or outcome (RR �2.30). This is unlikely given that

known socioeconomic factors, such as education level, are only weakly associated with hip

fractures

S81 If both sources of confounding were equally strong, the required RR for each would have to be be-

tween 1.7 and 1.8. We cannot point to such an unmeasured factor

S108 Analyses estimating the effect of such unmeasured confounders revealed that each of the confounder–

interval CRC and confounder–race/ethnicity associations would need to exceed 1.50 to substan-

tially alter our main findings, a level not observed in most studies of overall CRC risk

S119 In sensitivity analysis, for an unmeasured confounder to explain the effect of religious service atten-

dance on suicide, it would have to both increase the likelihood of religious service attendance and

decrease the likelihood of suicide by greater than 10-fold above and beyond the measured covari-

ates. Such substantial confounding by unmeasured factors seems unlikely

S126 The sensitivity analysis . . . indicated that the observed 5-year HR . . . could only be explained by an

unmeasured confounder that was associated with both receipt of bariatric surgery and risk of mac-

rovascular disease by a risk ratio of more than 2.72 . . . given that this risk ratio is much greater

than any observed for known macrovascular disease risk factors examined in the current study,

such as hypertension, diabetes, or hyperlipidaemia, it is implausible that an unmeasured confounder

exists that can overcome the effect of bariatric surgery observed in the current analysis study

S134 For an unmeasured characteristic to render the described association between statin continuation and

mortality nonsignificant, it would have to show an adjusted risk ratio of at least 1.82 (or 1.63 to

explain away the lower confidence limit) with both the exposure and the outcome separately. While

we cannot rule out the presence of such an unmeasured confounder, of the measured patient char-

acteristics included in our multivariable model, no covariate satisfied this requirement

(Continued)
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the implications of confounding anyhow,21 we argue that

calculating an E-value provides no additional insight unless

careful and thorough consideration is given to potential

uncontrolled confounders and their expected strength, as

well as on how to handle these confounders. Our matched

assessment of control publications where the authors had

not used E-values shows that articles which presented E-

values dealt with similar effect sizes (and thus would calcu-

late similar E-values) as control articles. However, articles

using E-values were far more likely to conclude that con-

founding is unlikely to affect the study inferences. Almost

two-thirds of the articles using E-values reached this con-

clusion, whereas this was rarely seen in control publications

where E-values were not used. The large majority of control

publications did not comment at all on the potential for

confounding to influence the study conclusions, but among

the publications that did comment, authors were more

likely to conclude that unmeasured confounding could af-

fect the study inferences. Authors who used E-values might

be more cognizant of the need to address unmeasured con-

founding in observational studies; however, the disparity in

conclusions drawn about this unmeasured confounding is

striking. It is possible that authors may view the calculation

of E-values, regardless of magnitude, as an alibi to dismiss

the threat of confounding.

The majority of the studies that we assessed did not

consider that multiple uncontrolled confounders could ex-

ist, which in combination might pose credible threat to the

validity of the results even when no single uncontrolled

confounder comes close to the E-value magnitude. Also,

even the studies that did list multiple uncontrolled con-

founders did not mention whether combined confounding

from these factors could reach the E-value’s magnitude to

nullify the found associations.

Table 4. Continued

Authors’ conclu-

sion on validity

threata

Ref.

(study)

Wording

S147 The direct and indirect effect of sex on incident knee OA, for example through tibia mode 2, were

1.56 and 0.96, and the corresponding E-values were 2.49 and 1.25, respectively. However, we do

not know of any genetic factor(s) with an RR�1.25; thus it is unlikely there is a confounding

factor of this size or larger

S155 An unmeasured confounder associated with both PCB serum levels and hypertension onset could bias

the estimate substantially with a risk ratio of 4.25 or higher for each of them. To move the confi-

dence interval to include the null, an unmeasured confounder should be associated with PCB expo-

sure and hypertension with a risk ratio of 1.92. The magnitude of this effect seems however to be

higher than that commonly found for dietary patterns that could be related to both PCB serum

levels and hypertension

S157 Such a confounder would need to be associated with our intervention and mortality by the same rela-

tive risk of �1.85, and not lower. A confounder with less strong associations could not explain

away this mortality reduction. We cannot identify such a strong unmeasured factor or a differential

exposure that might account for the observed association

Likely S23 In the primary analysis, an unmeasured confounder with an association with both exposure and out-

come of at least 1.41 (for the point estimate to be 1) or 1.17 (for the upper limit of the 95% CI to

include 1) would be needed to explain away the observed association. It is quite possible that such

an unmeasured confounder exists, which is a limitation of our study

S52 Thus, the observed HR of 0.75 could be explained by a confounder associated with both canakinu-

mab and the primary outcome that has a risk ratio of 1.63 or above. Such level of confounding is

not uncommonly large and would render the results no longer significant

S141 An unmeasured confounder associated with both tamsulosin exposure and development of dementia

by an RR of 1.62 does not seem implausible. Furthermore, the confidence interval around the HR

point estimate of 1.17 could be moved to include the null by an unmeasured confounder that was

associated with both the treatment and the outcome by an RR of 1.54-fold each, above and beyond

the measured confounders. Again, such an unmeasured confounder does not seem implausible

Both S14 The possibility for a confounding as strong as 21.7 is very low as the effect sizes of 3-fold or more are

not particularly common in biomedical and social sciences research. For caffeine consumption, the

E-value of 11.3 for the estimate is quite robust; however, the E-value of 1.4 for the CI indicates that

substantial confounder associations with caffeine intake and oral clefts could potentially move the

CI to include 1

aThis represents the original authors’ E-value based conclusion about the validity threat from uncontrolled confounding.
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On the topic of interpretation of E-values, the original

paper proposing E-values advocated that ‘reporting the

E-value for the limit of the CI closest to the null is good

practice’.7 The authors contended that this approach

helped address the statistical uncertainty around the ob-

served estimate. In our sample, a sizeable proportion of

studies only calculated E-values for point estimates and not

CLs. In the broader context, however, this proposed em-

phasis on quantifying the degree of confounding required

to nullify the observed effect could potentially be associ-

ated with the same pitfalls seen in null hypothesis signifi-

cance testing.22 Perhaps the value proposition of the E-

value methodology should lie in quantifying the degree of

bias in order to derive the best possible estimate of the ef-

fect size, instead of being used as a convenient means to

claim immunity against unmeasured confounding.

Besides the above-mentioned difficulties in the interpre-

tation, we identified additional notable observations which

may present opportunities for the misuse of E-values. The

first such opportunity is in the selective emphasis of

favourable E-values within articles which may impart in-

terpretation spins. For example, higher E-values were ob-

served to be emphasized in the discussion over lower ones

in a study that calculated multiple E-values.23

Second, we observed that most studies using continuous

exposures only compared the highest and lowest quantile,

which would have larger E-values than smaller (e.g. per

unit) exposure contrasts. It has been documented that

when relative risks for continuous exposures are weak,

authors tend to select more extreme contrasts that will

make the risks seem numerically large.24 It is possible that

a similar practice could be extrapolated to E-values, to in-

flate their magnitude in order to downplay the risk of

unmeasured confounding.

We wish to highlight some other miscellaneous observa-

tions that could lead to misuse. Perusal of the verbatim

statements shows that reasoning was often weak and E-

values did not strengthen it. One study had even applied

E-values to the analysis of a randomized trial,25 apparently

a redundant practice considering that randomization

should hopefully remove the need to apologize for con-

founding from uncontrolled baseline variables.

Additionally, the vast majority of studies calculated E-val-

ues only for estimates of relative effect measures,

Figure 1. E-values for the point estimates of effect sizes and for the 95%

CL closest to the null. When the E-value was not calculated in the origi-

nal paper either for the effect size or the 95% CL, we have calculated it

ourselves (shown with triangles instead of circles). The E-values are

plotted on a natural log scale for increased readability at values close to

1. Colour is blue for studies that claim that confounding is unlikely to af-

fect the results (n¼ 348), red for those that claim that confounding may

affect the results (n¼43) and yellow for those that do not comment

(n¼ 125). E-values larger than 20 were omitted for readability (two

E-values for point estimates and one E-value for CL were omitted for

categories ‘No comment’ and ‘Unlikely to affect’, each).

Figure 2. Median effect sizes (for relative risks presented in the abstract

of a paper) are plotted for 69 matched case-control pairs, with the case

publication effect size on the y axis and the control publication effect

size on the x axis. The effect sizes are plotted on a natural log scale. The

diagonal line indicates the points at which case study effect size is

equivalent to control study effect size. Effect sizes less than 1 have been

inverted. The natural log median effect sizes for each group were com-

pared using a matched two-tailed t test, Mean of differences ¼ 0.15

(95% CI -0.04–0.35), df ¼ 68, P-value ¼ 0.13.
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neglecting estimates of absolute difference effect measures.

This trend of focusing only on the multiplicative scale and

not the additive scale might indicate that incomplete and

thus potentially misleading assessment of uncontrolled

confounding could be prevalent, given the choice of effect

measures selected for E-value calculations.26

This study has several limitations. First, we included

studies citing one of the two papers that first introduced E-

values and may have missed works that applied E-values

without citation. In addition, the E-value concept is rela-

tively novel, and its use should be assessed again at a later

stage. Second, our control group may not be a perfect com-

parator. The control group of observational studies that

did not use E-values was matched based on journal and is-

sue. We were unable to match on field of study or research

question, as the degree of granularity on which to match

on these variables would likely have been arbitrary. Even

so, however, handling of confounding in many epidemio-

logical studies is known to be poor in general across the lit-

erature,21 and our study suggests that studies that use

E-values also do not fare well in their handling of con-

founding. This tool may therefore be adding an extra layer

of opportunities for misleading inferences. Third, it is pos-

sible that there may be selective reporting of E-values,

where E-values are more likely to be reported when their

magnitude falls in line with the author’s intended conclu-

sion. As a result, the sample of E-values analysed in this

study could be biased.

Given the observed difficulties in interpreting E-values

and potential for misuse, alternative recommendations are

needed for addressing confounding in observational stud-

ies. Thorough reporting of what has been done, as recom-

mended by STROBE,27 is an important first step but not

sufficient. Existing tools of sensitivity analyses3–6 may be

employed with careful consideration about their assump-

tions and study-specific applicability. In our sample, differ-

ent sensitivity analyses were used in extremely diverse

ways and they rarely changed the main conclusions. One

wonders whether this signifies robustness of these conclu-

sions or the fact that sensitivity analyses are reported

mostly when they align with the key message that the

authors pre-emptively want to infer. We argue that known

confounders should be systematically assessed for their

prevalence and magnitude.9 This may require the availabil-

ity of careful, field-wide, systematic, umbrella reviews

where all known confounders are examined.28 The results

of these reviews may then be used consistently by many

studies in the same field. Alternatively, if what to adjust

for and how is left entirely to the discretion of the individ-

ual researcher, very divergent choices may be made and

results may be largely dependent on these choices.29–31

Conclusion

Few papers using E-values conclude that confounding may

influence their results, and E-values are largely overlapping

in magnitude regardless of what is concluded. E-values

may compound the already poor handling of confounding,

and they may provide a false sense of confidence in the ro-

bustness of observational associations against uncontrolled

confounding. Simply reporting an E-value as an indicator

of susceptibility to confounding, though convenient,

should not be a substitute for critical assessment of the in-

fluence and magnitude of specific confounders in specific

fields of study.
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Unlikely to affect 1 0 0 2
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Both 0 0 0 0
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