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Supplement

2. Using the website and R package to analyze the applied example

Here we provide a tutorial on how to use the R package EValue (version 4.1.2) and website (www
.evalue-calculator.com/meta) to re-analyze Kodama et al. (2009)’s meta-analysis on aerobic
capacity and mortality, as described in the main text.

2.1. Calculating an E-value for the point estimate and its confidence interval

To calculate E-values, we first fit a standard random-effects meta-analysisa to obtain the meta-analysis
point estimate and confidence interval. Doing so in R yields the following output, with all estimates
given on the log-relative risk scale (Viechtbauer et al., 2010):

Random-Effects Model (k = 16; tau^2 estimator: REML)

tau^2 (estimated amount of total heterogeneity): 0.0395 (SE = 0.0258)
tau (square root of estimated tau^2 value): 0.1988
I^2 (total heterogeneity / total variability): 70.96%
H^2 (total variability / sampling variability): 3.44

Test for Heterogeneity:
Q(df = 15) = 38.6857, p-val = 0.0007

Model Results:

estimate se tval pval ci.lb ci.ub
0.5459 0.0668 8.1682 <.0001 0.4034 0.6883 ***

Then, in the first tab of the website www.evalue-calculator.com/meta, called “Sensitivity analysis
for the point estimate”, we input the pooled point estimate and confidence interval limits on the
relative risk scale. We can obtain these by exponentiating the log-relative risks in the final line of
the R output above, yielding a pooled point estimate of exp{0.5459} ≈ 1.73 with confidence interval
bounds of exp{0.4034} ≈ 1.50 and exp{0.6883} ≈ 1.99. By default, the website considers shifting the
point estimate and lower confidence interval limit to the null, which is usually taken to be 1 for ratio
measures (but this default can be modified).

a In this meta-analysis, some papers or cohorts contributed multiple point estimates. We use “studies” to refer to the
meta-analyzed point estimates. For illustrative purposes and to more closely reproduce the meta-analysts’ reported
results, we analyzed the dataset using a simple random-effects model estimated by restricted maximum likelihood and
with standard errors estimated with the Knapp-Hartung adjustment. However, note that a best-practice meta-analysis
would account for the clustering via, for example, robust estimation (Hedges et al., 2010) or multilevel modeling, or a
combination (Pustejovsky & Tipton, 2021).
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Supplement

Alternatively, we could use the R package EValue by passing estimates from the meta-analysis object,
meta. See also the standard R documentation and package vignettes for details (Mathur et al., 2018)).
install.packages("EValue")
library(EValue)
evalue( est = RR( exp(meta$b) ),

lo = RR( exp(meta$ci.lb) ),
hi = RR( exp(meta$ci.ub) ) )

point lower upper
RR 1.726092 1.496936 1.990329
E-values 2.845602 2.359421 NA

Throughout this example, the numerical values produced by the R package (and as reported in the
main text) differ slightly from those produced by the website. This occurs because we used rounded
values as inputs to the website but used exact values as inputs to the R function.

2.2. Estimating the percentage of effects above RR = 1.1 and the strength of homo-
geneous confounding required to reduce the percentage to less than 15%

The sensitivity analyses we conducted above describe evidence strength in the meta-analysis in terms
of only its pooled point estimate. To additionally characterize heterogeneity across the studies’
true causal effects, we switch to the website tab called “Sensitivity analysis for the proportion of
meaningfully strong effects”. This tab has two options: “Robust estimation (homogeneous bias across
studies)” and “Parametric estimation (allows heterogeneous bias)”. The analyses shown in the main
text all consider homogeneous bias across studies, so we use the “Robust” tab.

First, we are prompted to upload our meta-analysis dataset as a .csv file. This dataset should contain
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at least two columns: one containing studies’ point estimates on the log-relative risk scale,b and one
containing their variance estimates (i.e., squared standard errors). The dataset must have a single
header row containing the variable names, like this:

We upload the dataset to the website and also input the column names for the point estimates and
the variance estimates (here, “yi” and “vi”).

Next we fill out the section “Specify sensitivity parameters and thresholds”. We select a scale (log-
relative risk or relative risk) on which to input the bias factor in each study and the threshold we have
chosen to represent a meaningfully strong effect size; for this example we use the relative risk scale.
To estimate the percentage of studies with meaningfully strong population effects prior to correction
for unmeasured confounding, we type “1” for the bias factor in each study (because multiplying a
relative risk by a bias factor of 1 would leave it unchanged, representing no bias due to unmeasured
confounding).

At the same time, we can also estimate the strength of homogeneous confounding that would be
required to reduce this percentage of meaningfully strong effects to less than 15%. To do so, we also
type in our chosen threshold of RR = 1.1, the proportion below which the proportion of meaningfully
strong effects is to be reduced (0.15), and we select the tail of effects we want to consider (“above”
because we want to consider effects above, rather than below, RR = 1.1). The number of bootstrap
iterates is used when estimating confidence intervals and defaults to 1,000, which is what is used in
this example.

bAs indicated in the relevant input box in the website, the studies’ point estimates and variances should be provided
on the log-relative risk scale regardless of whether the sensitivity parameters are provided on the relative risk or
log-relative scale. This is because the meta-analysis should be conducted using estimates on the log scale and because
variances of relative risks are usually estimated on the log scale. For meta-analyses that were conducted with other
types of effect sizes (e.g., odds ratios with a common outcome or standardized mean differences), the estimates and
variances should first be converted to the log-relative risk scale, for example using the function convert_measures in
the R package EValue.
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This analysis may take a minute or so to run, after which the metrics we want to estimate appear
in the grey boxes. The output in the first box indicates that, prior to correction for unmeasured
confounding, we estimate that the percentage of studies with meaningfully strong population effects
(RR > 1.1) is nearly 100%. There is no confidence interval (“NA”) because, per the red message at
the bottom of the screen, we have chosen an extremely high threshold compared to the distribution of
effects in the meta-analysis, and this can make it impossible to estimate confidence intervals. The
output in the second box is not discussed in this tutorial paper, but is described in the instructions
of the website. The output in the third box indicates that to bring this percentage of meaningfully
strong effects below 15%, homogeneous unmeasured confounding associations with both higher aerobic
capacity and lower all-cause mortality of RR = 3.07 (95% CI: [2.28, 4.33]) each could suffice, but
weaker homogeneous confounding could not.

Alternatively, we could use the R package as follows:

confounded_meta( method = "calibrated",
q = log(1.1),
r = 0.15,
tail = "above",
muB = 0,
dat = dat,
yi.name = "yi",
vi.name = "vi" )

which yields the following output:
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The confidence interval and/or standard error for the proportion were not estimable via
bias-corrected and accelerated bootstrapping. You can try increasing R.

Value Est SE CI.lo CI.hi
1 Prop 1.000000 NA NA NA
2 Tmin 1.833881 0.2452685 1.490533 2.420839
3 Gmin 3.070504 0.5084525 2.345609 4.275461

Because these confidence intervals are constructed by bootstrapping, they differ slightly from those
provided on the website. In the main text, we report the confidence intervals given by the R package.

To consider heterogeneous bias as described in the main text, we can use the website tab “Parametric
estimation (allows heterogeneous bias)”. Here, rather than uploading the meta-analysis dataset, we
input 4 estimates from our meta-analysis: the point estimate, its estimated variance (i.e., squared
standard error, which can be found in the R output shown in Section 2.1), the estimated heterogeneity
(called “tauˆ2” in the R output), and the estimated variance of the heterogeneity estimate. On the
right side of the website, we again input the sensitivity parameters as we did in Section 2.2, but now,
to characterize our assumed degree of heterogeneity in the confounding bias across studies, we specify
what proportion of the observed heterogeneity (of τ̂ 2c = 0.04) is assumed to be due to variation in
confounding bias rather than to genuine heterogeneity in studies’ causal effects. If this proportion is 0,
then confounding is assumed to be of homogeneous severity across studies. The closer the proportion
is to 1, the more the severity of confounding is assumed to differ across studies.
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3. Supplemental figures for the applied example

Pooled estimate
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Study Risk Ratio [95% CI]

Supplemental Figure 1: Forest plot of point estimates (RR) and uncorrected pooled estimate in our
reanalysis of Kodama et al. (2009)’s meta-analysis on lower aerobic capacity and mortality. Studies are
ordered from largest to smallest point estimate.
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Supplemental Figure 2: (a) In sensitivity analyses considering homogeneous bias across studies with
nonparametric estimation, the estimated proportion of studies with meaningfully strong causal effects
(RR > 1.1) as a function of the multiplicative bias in all studies (lower x-axis) or, equivalently, the con-
founding strength in all studies (upper x-axis). Horizontal dashed line: the threshold (r) at which only 15%
of effects are meaningfully strong. Vertical dashed line: the confounding strength required to reduce to less
than 0.15 the proportion of meaningfully strong effects (Ĝ(r = 0.15, q = log(1.1)). (b) Counterpart for
sensitivity analyses considering heterogeneous bias across studies. The confidence intervals in this panel are
estimated parametrically and may not perform well for values of the proportion that are less than 0.15 or
greater than 0.85 (Mathur & VanderWeele, 2020b).

4. Empirical benchmarks on agreement between nonrandomized and
randomized studies in meta-analyses

Although directly estimating the extent of confounding bias in meta-analyzed studies would be very
difficult, several studies have addressed this issues indirectly by estimating the extent of agreement
or disagreement between NRS and RS on the same topic. Most relevant to our discussion are
meta-meta-analyses in which investigators sample existing meta-analyses that contain both NRS
and RS, calculate metrics of agreement between the study designs for each meta-analysis, and then
summarize these agreement metrics across meta-analyses. If, within a meta-analysis, the estimates
from NRS were on average biased upward or downward due to systematic confounding, this would
tend to decrease agreement between the two study designs. Critically, though, any such disagreements
could reflect not only unmeasured confounding, but also other biases that might preferentially affect
one study design (e.g., publication bias) as well as differing distributions of effect modifiers (e.g.,
populations, interventions, or outcome measures) between the study designs. Therefore, estimates
from these meta-meta-analyses should not be interpreted as direct estimates of confounding bias, but
rather of the aggregation of confounding bias plus any other systematic differences between study
designs.

Supplemental Table 2 summarizes the results of 4 such meta-meta-analyses (Bun et al., 2020;
Golder et al., 2011; Shikata et al., 2006; Ioannidis et al., 2001) that used ratio outcomes that were
comparable to RRs. When possible, we re-analyzed data (Mathur & VanderWeele, 2020a) to estimate
the percentage of discrepancy ratios (i.e., the pooled RR in NRS divided by that in RS) that were
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more extreme than various thresholds (e.g., 1.25).c In the 2 meta-meta-analyses for which we could
obtain study-level estimates to conduct these analyses, about 50% of meta-analyses had discrepancy
ratios greater than 1.25 or less than 0.80, but few (≤ 10%) had discrepancy ratios greater than 2 or
less than 0.50. Again, these estimates potentially reflect multiple systematic differences between the
study designs, not only unmeasured confounding bias.

Outside the context of meta-analyses, other studies have compared NRS to RS while more stringently
minimizing systematic differences in populations, interventions, and outcomes. In the ongoing RCT-
DUPLICATE project, existing medical RS are being “replicated” in NRS using claims data (Franklin
et al., 2020). In the first 10 replications, one of 10 study pairs had a discrepancy with p < 0.05
(Franklin et al., 2020), and we estimated that none (0%) of the discrepancy ratios were greater than
1.25 or less than 0.80. These discrepancies appear to be less than seen in the meta-meta-analyses,
perhaps partly reflecting extensive confounding control in the NRS conducted by RCT-DUPLICATE.
A few studies have even randomly assigned subjects to participate in either an observational study or
an RCT, which would eliminate average discrepancies in the characteristics of subjects participating
in each study design (Shadish et al., 2008, 2011). We encourage further empirical work comparing
NRS to RS, including in meta-analyses and accounting for differing distributions of suspected effect
modifiers (Dahabreh et al., 2020; Mathur & VanderWeele, 2021).

cOur numerical results and qualitative interpretations sometimes disagree considerably with those reported in
the meta-meta-analyses themselves for two reasons. First, some of the meta-meta-analyses reported much larger
percentages of extreme discrepancy ratios than those we report. Those analyses had estimated these percentages by
simply counting the number of estimated ratios that were above or below various thresholds. This method does not
account for the substantial statistical error associated with ratio estimates, leading to substantially overestimated
percentages of extreme ratios. We instead used methods that correct for this statistical error (Mathur & VanderWeele,
2020a), leading us to estimate smaller percentages of extreme ratios. Second, some meta-meta-analyses concluded that
there was little disagreement based on the average discrepancy ratio across meta-analyses, but such results could occur
even if discrepancies were extreme but occurred in different directions in different meta-analyses.
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5. Additional sensitivity analysis formulas

5.1. T̂ (r, q) and Ĝ(r, q) with log-normal bias

The expressions given the main text for T̂ (r, q) and Ĝ(r, q) apply if the confounded pooled estimate is
apparently causative (µ̂c > 0). If instead the confounded pooled estimate is apparently preventive
(µ̂c < 0), the expression for Ĝ(r, q) in terms of T̂ (r, q) remains the same, but T̂ (r, q) itself becomes:

T̂ (r, q) = exp
{
q − µ̂c − Φ−1(r)

√
τ̂ 2c − σ2

B∗

}
(S.1)

ŜE
(
T̂ (r, q)

)
= exp

{
q − µ̂c − Φ−1(r)

√
τ̂ 2c − σ2

B∗

}√
V̂ar (µ̂c) +

V̂ar (τ̂ 2c ) (Φ−1(r))2

4 (τ̂ 2c − σ2
B∗)

These expressions, like those given in the main text, are straightforward generalizations of those given
in Section 4.2 of Mathur & VanderWeele (2020b) for homogeneous bias.

5.2. Sensitivity analysis with weakened assumptions on the bias distribution

Here we provide a somewhat more technical explanation of how the E-value for the pooled estimate
(VanderWeele & Ding, 2017; Mathur & VanderWeele, 2020b) and the nonparametric estimates
P̂>q, T̂ (r, q), and Ĝ(r, q) (Mathur & VanderWeele, 2020a) can be calculated and interpreted under
weakened assumptions about the distribution of bias. For the ith meta-analyzed study, let θ̂ci denote
its confounded estimate, θti its population causal effect, B∗i its bias, and εi its statistical error, such
that θ̂ci = θti +B∗i + εi. As in the main text, we use the superscript c to denote confounded estimates
and parameters and the superscript t to denote their true (i.e., causal) counterparts, with µ̂c denoting
the confounded pooled log-RR. Let k denote the number of studies in the meta-analysis.

5.2.1 E-value for the pooled estimate and confidence interval

First, as discussed in the main text, the E-value calculated using the confounded pooled estimate is
exp (µ̂c)+

√
exp (µ̂c) (exp (µ̂c)− 1). All the considerations discussed below also apply when calculating

the E-value for the confidence interval limit. The E-value for the pooled estimate and confidence
interval can be interpreted without assumptions on the distribution of the population causal effects or
the distribution of bias across the population causal effects provided that:

• Condition (i). Any distributional assumptions of the meta-analysis model are fulfilled. This
implies that if the population confounded effects, θci , are not normal, the meta-analysis must be
conducted using an approach that does not make this distributional assumption (Hedges et al.,
2010; Pustejovsky & Tipton, 2021).

• Condition (ii). The bias in each study is independent of its population causal effect, θti , and its
standard error. That is, studies with larger population causal effects cannot have systematically
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more or less bias than studies with smaller population causal effects, and more precise studies
cannot have systematically more or less bias than less precise studies.

Along with standard assumptions of meta-analysis, these conditions imply that µ̂c is consistent in k for
µc. This consistency implies that the E-value calculated using µ̂c is itself consistent for the population
E-value that would be calculated using the confounded population mean µc. Specifically, standard
meta-analysis methods based on inverse-variance weighting require studies’ population effects to be
independent of their standard errors. If we thus make the standard assumption that θti q εi and
additionally assume that Condition (ii) holds (i.e., B∗i q εi and B∗i q θti), then these assumptions imply
that θci = θti + B∗i q εi. Then, under standard regularity conditions, µ̂c is consistent for µc without
further assumptions on the distribution of θci = θti +B∗i , subject to the choice of a meta-analysis model
that fulfills Condition (i).

Note that even if θti are assumed to be normal, the first condition is still necessary to accommodate
the possibility of non-normal distributions of bias. In practice, diagnostic plots and tests could be
used to check the normality assumption (Hardy & Thompson, 1998; Wang & Lee, 2020). If normality
appears to hold, then a standard parametric meta-analysis could still be used. Using parametric
estimation facilitates estimating the standard error of τ̂ 2c , which is used when constructing parametric
confidence intervals for P̂>q.

5.2.2 P̂>q, Ĝ(r, q), and T̂ (r, q)

To estimate P̂>q under homogeneous bias B∗, the method of Mathur & VanderWeele (2020a) involves
calculating a bias-corrected “calibrated” estimate (Wang & Lee, 2019) for each meta-analyzed study,
θ̃i, and then calculating the sample proportion of θ̃i that are above q as follows. Let τ 2t = Var (θt)
denote the heterogeneity of the population causal effects and τ̂ 2t its sample estimate based on the
confounded meta-analysis, whose form is given below. Define a generic calibrated estimate as the
function:

θ̃i (b, v) = µ̂c − b+

√
v

τ̂ 2c + σ̂2
i

(
θ̂ci − µ̂c

)
(S.2)

Assuming homogeneous bias of magnitude B∗, the calibrated estimates θ̃i (B∗, τ̂ 2c ) approximately
match the first two moments of the marginal distribution of population effects (Wang & Lee, 2019).
The proportion of meaningfully strong effects can then be estimated as (Mathur & VanderWeele,
2020a):d

P̂>q (b, v) =
1

k

k∑
i=1

1

{
θ̃i
(
B∗, τ̂ 2c

)
> q
}

(S.3)

The following lemma and corollary show that, under Conditions (i) and (ii) given in Section 5.2.1, the
calibrated estimates could instead be calculated using an estimated lower or upper bound on τ 2t . The
lower bound on τ 2t is attained when the variance of the bias (σ2

B∗) is the most that the meta-analyst

dHere, in contrast to Mathur & VanderWeele (2020a) we adopt the more explicit notation “P̂>q (b, v)” to emphasize
the dependence of this estimate on the choice of b and v used to calculate the calibrated estimates.
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believes is plausible (called UB (σ2
B∗)); the upper bound on τ 2t is attained when the bias is homogeneous.

The following results show that the calibrated estimates calculated using the lower bound on τ 2t and
assuming a mean bias of µB∗ are θ̃i (µB∗ , τ̂ 2c − UB (σ2

B∗)) and are underdispersed compared to the
distribution of the causal population effects. Conversely, the calibrated estimates calculated using the
upper bound on τ 2t are θ̃i (µB∗ , τ̂ 2c ) and are overdispersed compared to the distribution of the causal
population effects. This leads to estimates P̂>q that are typically, though not always, overestimates
or underestimates depending on whether the bias-corrected pooled estimate is above or below q
(Supplemental Table 3). These results could be used to calculate estimates, P̂>q (b, v), that are
considered conservative in the context of whether one is claiming that a meta-analysis is robust or
sensitive to unmeasured confounding.

Because T̂ (r, q) and Ĝ(r, q) are simply roots in b of the function P̂>q (b, v), they can also be interpreted
similarly. For example, suppose µ̂c = log(2) and we estimate the severity of homogeneous bias (i.e.,
σ2
B∗ = 0, so τ̂ 2t = τ̂ 2c ) required to reduce the proportion of causal effects above q = log(1.1) to r = 0.15.

We might thus obtain T̂ (r, q) = 1.5, which is equivalent to estimating that P̂>q (log(1.5), τ̂ 2c ) = 0.15.
With this amount of bias, the bias-corrected mean is µ̂t = µ̂c − log(T̂ (r, q)) ≈ log(1.33). Thus,
µ̂t > q, so by consulting the third row and first column of Supplemental Table 3, we can conclude
that the estimate P̂>q (log(1.5), τ̂ 2c ) = 0.15 would typically underestimate the true proportion of
meaningfully strong effects if in fact the bias were heterogeneous across studies. Equivalently, our
estimate T̂ (r, q) = 1.5 is conservative in the sense that if the bias were in fact heterogeneous, then we
would typically expect that at least 15% of effects would remain meaningfully strong.

µ̂t > q µ̂t < q

P̂>q (µB∗ , τ̂ 2c − UB (σ2
B∗)) Overestimate Underestimate

P̂<q (µB∗ , τ̂ 2c − UB (σ2
B∗)) Underestimate Overestimate

P̂>q (µB∗ , τ̂ 2c ) Underestimate Overestimate
P̂<q (µB∗ , τ̂ 2c ) Overestimate Underestimate

Supplemental Table 3: Two methods of calculating P̂>q and P̂<q (i.e., the proportion of population
causal effects below q) and the conditions under which they are typically overestimates or underestimates
compared to the estimate that would be obtained using the true heterogeneity τ2t . These results apply re-
gardless of the sign of µ̂c (i.e., whether it is apparently causative or apparently preventive); as in Mathur
& VanderWeele (2020b), we consider bias that operates on average away from the null with the convention
µB∗ > 0 regardless of the sign of µ̂c, such that µ̂t estimates µt and is equal to µ̂c − µB∗ for µ̂c > 0 and
µ̂c + µB∗ for µ̂c < 0.

The following lemma and corollary establish the claims made in Supplemental Table 3.

Lemma 1 (Underdispersed calibrated estimates). Suppose µB∗ = E[B∗] is considered known and
that σ2

B∗ is unknown, but has a known upper bound UB (σ2
B∗). Assume that Corr (θti , B

∗
i ) = 0. If the

calibrated estimates are calculated as:

θ̃i
(
µB∗ , τ̂ 2c − UB

(
σ2
B∗

))
= µ̂c − µB∗ +

√
τ̂ 2c − UB (σ2

B∗)

τ̂ 2c + σ̂2
i

(
θ̂ci − µ̂c

)
(S.4)

then E[θ̃i (µB∗ , τ̂ 2c − UB (σ2
B∗))] approximately matches the expectation of the distribution of population
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causal effects, and the calibrated estimates are underdispersed in the sense that Var
(
θ̃i (µB∗ , τ̂ 2c − UB (σ2

B∗))
)

is consistent for a value that is at most τ 2t .

Proof. Regarding the first moment, we have E
[
θ̃i (µB∗ , τ̂ 2c − UB (σ2

B∗))
]

= µc − µB∗ . Regarding the
second moment, first note that τ 2t = τ 2c − σ2

B∗ , so τ 2t is bounded by τ 2c − UB (σ2
B∗) ≤ τ 2t ≤ τ 2c . (The

lower bound, τ 2c − σ2
B∗ , is attained when the bias explains the maximum plausible amount of the

observed heterogeneity; the upper bound, τ 2c , is attained when the bias explains none of the observed
heterogeneity.)e Let “ p−−−→

k→∞
” denote convergence in probability in k. By invoking Conditions (i) and

(ii) so that µ̂c and τ̂ 2c are each consistent, we have:

Var
(
θ̃i
(
µB∗ , τ̂ 2c − UB

(
σ2
B∗

))) p−−−→
k→∞

τ 2c − UB (σ2
B∗)

τ 2c + σ2
i

× Var
(
θ̂ci

)
= τ 2c − UB

(
σ2
B∗

)
≤ τ 2t

Corollary 1 (Overdispersed calibrated estimates). Under the same assumptions given above, if the
calibrated estimates are calculated as:

θ̃i
(
µB∗ , τ̂ 2c

)
= µ̂c − µB∗ +

√
τ̂ 2c

τ̂ 2c + σ̂2
i

(
θ̂ci − µ̂c

)
(S.5)

then E[θ̃i (µB∗ , τ̂ 2c )] approximately matches the expectation of the distribution of population causal
effects and the calibrated estimates are overdispersed in the sense that Var

(
θ̃i (µB∗ , τ̂ 2c )

)
is consistent

for a value that is at least τ 2t .

Proof. This follows immediately from the bound τ 2t ≤ τ 2c , attained when σ2
B∗ = 0.

The overdispersed calibrated estimates in Eq. (S.5) are equivalent to the calibrated estimates calculated
by assuming homogeneous bias, θ̃i (B∗, τ̂ 2c ), when the homogeneous bias B∗ is set equal to µB∗ .
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