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1 Software review

Supplementary Box 1: Web of Science search terms for software
review. See https://webofscience.help.clarivate.com/en-us/

Content/search-operators.html and https://webofscience.

help.clarivate.com/en-us/Content/search-rules.htm on how to
interpret these terms which are specific to the Web of Science Core
Collection.

(TS=(unmeasured NEAR/3 confound*) OR TS=(unmeasured
NEAR/3 variable*) OR TS=(unmeasured NEAR/3 covariate*)
OR TS=(unmeasured NEAR/3 factor*) OR TS=(unmeasured
NEAR/3 predictor*) OR TS=(uncontrolled NEAR/3 confound*)
OR TS=(uncontrolled NEAR/3 variable*) OR TS=(uncontrolled
NEAR/3 covariate*) OR TS=(uncontrolled NEAR/3 factor*)
OR TS=(uncontrolled NEAR/3 predictor*) OR TS=(omitted
NEAR/3 confound*) OR TS=(omitted NEAR/3 variable*) OR
TS=(omitted NEAR/3 covariate*) OR TS=(omitted NEAR/3
factor*) OR TS=(omitted NEAR/3 predictor*) OR TS=(omission
NEAR/3 confound*) OR TS=(unobserved NEAR/3 confound*)
OR TS=(unobserved NEAR/3 variable*) OR TS=(unobserved
NEAR/3 covariate*) OR TS=(unobserved NEAR/3 factor*) OR
TS=(unobserved NEAR/3 predictor*) OR TS=(hidden NEAR/3 con-
found*) OR TS=(hidden NEAR/3 variable*) OR TS=(hidden
NEAR/3 covariate*) OR TS=(hidden NEAR/3 factor*) OR
TS=(hidden NEAR/3 predictor*) OR TS=(selection NEAR/3
bias*) OR TS=(residual NEAR/3 confound*) OR TS=(hidden
NEAR/3 bias*))
AND
(TS=(sensitivity NEAR/3 analy*) OR TS=(bias NEAR/3 analys*)
OR TS=(bias NEAR/3 model*))
AND
(TS=(confound*))
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Supplementary Figure 1: Flowchart of the software review

Screened 780 abstracts

Exclude 642:
24 meeting abstracts

and editorials
379 did not conduct a QBA to U

239 applied analyses

Screened full text of 138 papers

Exclude 109:
105 no publicly

available programs
4 undocumented programs

Data extracted
from 29 papers

21 publicly
available
programs

14 in R 3 in Stata 1 web tool
3 in R, Stata,

web tool
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2 Descriptions of the software implementing

a quantitative bias analysis for linear re-

gression

In this section we give further details of the five quantitative bias analysis
(QBA) programs summarised in Table 2 of the main manuscript. These
programs implement a QBA to unmeasured confounding when the naive
analysis is a linear regression model for an unmatched study.

2.1 treatSens

The program implements a simulated-based approach comparable to multiple
imputation for missing data [1]. For prespecified values of bias parameters,
φ, treatSens simulates U multiple times from the conditional distribution of
U |Y,X,C implied by the bias model. For each set of simulated values of
U , the exposure effect is estimated from a linear regression of Y given X,C
and the simulated U , and then Rubin’s rules [1] are used to combine the
multiple sets of results into a single estimate for β̂X|C,U(φ) and its standard
error. Note that, U denotes the part of the unmeasured confounding that is
independent of measured covariates C (i.e., U is independent of C). Also,
U can represent a single unmeasured confounder or a linear combination of
multiple unmeasured confounders.

The bias model is a joint model for Y,X, U |C which consists of three
sub-models: the analysis model (regression of Y given X,C and U), the
treatment model (regression of X on C and U), and the marginal model for
U (marginal distribution of U). When the naive analysis is a linear regres-
sion, treatSens offers two types of bias models depending on whether X is
continuous or binary: (1) for continuous X, the bias model consists of linear
regression Y |X,C, U (analysis model), linear regression X|C,U (treatment
model) and standard normal distribution (marginal model for U), and (2)
for binary X, the bias model consists of linear regression Y |X,C, U (analysis
model), probit regression X|C,U (treatment model) and Bernoulli distribu-
tion (marginal model for U , default is Pr(U = 1) = 0.5). Each bias model
has two bias parameters φ = (ζY , ζX): ζY is the coefficient for U from the
analysis model, Y |X,C, U , and ζX is the coefficient for U from the treatment
model, X|C,U . To allow for bias in both directions (i.e., increased exposure
effect, and reduced or reversed exposure effect), positive and negative values
are specified for ζX . For fixed values of φ = (ζY , ζX), the remaining coeffi-
cients of the treatment and analysis models are estimated from the observed
data which are then used to derive the parameters of the model for U |Y,X,C
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(implied by the bias model). See Carnegie et al for further details including
the general algorithm used to derive these parameter estimates [2]. The coef-
ficients of measured covariates C from regressions Y |X,C and X|C are used
as benchmark values for ζY and ζX , respectively [2]. All continuous variables
are standardised (to have mean 0 and standard deviation of 1) to facilitate
comparison between these benchmark values and the bias parameters.

For a fixed value of φ, the process of simulating U and then analysing the
observed and simulated data is repeated K (≥ 2) times and the K sets of ex-
posure estimates and corresponding standard errors [β̂kX|C,U(φ), se(β̂

k
X|C,U(φ))

for k = 1, 2, . . . , K] are combined to generate the bias-adjusted estimate

β̂X|C,U(φ) =
1

K

K∑
k=1

β̂kX|C,U(φ) and its standard error

se(β̂X|C,U(φ)) =
√
W + (1 +K−1)B where W =

1

K

K∑
k=1

(se(β̂kX|C,U(φ)))
2 re-

flects conventional sampling variance and the extra variance due to simu-

lating U is given by B =
1

K − 1

K∑
k=1

(β̂kX|C,U(φ) − (β̂X|C,U(φ))
2). This whole

process is repeated for different values of φ.
Program treatSens outputs a contour plot of the bias-adjusted estimates,

β̂X|C,U(φ), for different combinations of ζY and ζX , indicating the combina-
tions of ζY and ζX that correspond to tipping points for the point estimate
(fixed at the null) and statistical significance (analyst can set the significance
level; default is 5%). Additional outputs include tables of: (1) combinations
of ζY and ζX at the tipping points, (2) the K sets of exposure estimates and
corresponding standard errors [β̂kX|C,U(φ), se(β̂

k
X|C,U(φ)) for k = 1, 2, . . . , K] for

all prespecified combinations of ζY and ζX , and (3) benchmark values for ζY

and ζX .
Program treatSens is available as an R package from GitHub page

https://github.com/vdorie/treatSens and it requires individual partic-
ipant data. The analyst can use treatSens when the estimand of interest is
the average treatment effect (ATE), the average treatment effect among the
treated (ATT), or the average treatment effect among the controls (ATC).
Other options include: (1) reparameterising the bias parameters as partial
correlations instead of model coefficients (only for continuous X), (2) spec-
ifying multiple central processing unit cores for parallel processing to help
speed-up the run-time of treatSens, (3) specifying the number of times U is
simulated for each combination of ζY and ζX (default is 20), and (4) speci-
fying the marginal probability Pr(U = 1) (default is 0.5). Program treatSens
has been extended to implement a semi-parametric QBA applicable when the
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analysis model is a non-parametric Bayesian additive regression tree model
[3, 4].

2.2 causalsens

The program generates a modified outcome, Y adj
φ , which is adjusted for the

bias due to unmeasured confounding for a prespecified value of φ [5]. The
naive analysis is then refitted using Y adj

φ instead of Y and the resulting expo-
sure effect estimate and confidence interval (CI) are the bias-adjusted results.

The implemented QBA method is based on the potential outcomes frame-
work [6]. Program causalsens requires a binary X, and so there are two
potential outcomes per subject: Y (0) when not exposed and Y (1) when ex-
posed. The bias model consists of a treatment model and a “confounding
function” [7, 8]. The treatment model is a logistic regression used to esti-
mate the probability of being in the exposed group given C. The confounding
function, f(x,C) = E[Y (x)|X = x,C]−E[Y (x)|X = 1−x,C], quantifies the
average difference in potential outcomes Y (x) (for x = 0 or 1) between those
in the exposed and unexposed groups (conditional on C), with any nonzero
difference attributed to unmeasured confounding [9]. Setting f(x,C) = 0 cor-
responds to the assumption of no unmeasured confounding. The confounding
function is parameterised by a single bias parameter, α, which implies a com-
bination of the strengths of the X − U and Y − U relationships, conditional
on C. To allow for bias in both directions (i.e., increased exposure effect,
and reduced or reversed exposure effect), positive and negative values are
specified for α.

Program causalsens supplies two choices for the confounding function,
named the “one-sided function” and the “alignment function”, and also
allows the analyst to specify their own function. The one-sided function,
f(X = x,C) = α(2x−1), assumes the true exposure effect is identical in the
exposed and unexposed groups. When α > 0 the mean of the potential out-
comes to exposure (and non-exposure) is higher for the exposed group than
the unexposed group, leading β̂X|C to be positively biased; and vice versa for
α < 0 [9]. Under the alignment function, f(X = x,C) = α, the true expo-
sure effect differs between the exposure groups. Naive estimate β̂X|C is biased
by α(Pr[X = 0|C] − Pr[X = 1|C]), where Pr[X = 0|C] and Pr[X = 1|C]
denote the probability of being unexposed and exposed (conditional on C),
respectively [9]. When the same proportion of people are exposed and un-
exposed (Pr[X = 1|C] = Pr[X = 0|C] = 0.5) then β̂X|C is unbiased by U .
However, when proportionally more individuals are unexposed than exposed,
conditional on C, (i.e., Pr[X = 0|C] > Pr[X = 1|C]) then β̂X|C is positively
biased for α > 0 and negatively biased for α < 0; and vice versa when pro-
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portionally more individuals are exposed than unexposed, conditional on C,
(i.e., Pr[X = 0|C] < Pr[X = 1|C]) [9].

Since bias parameter, α, is difficult to interpret, causalsens offers the al-
ternative parameterisation, R2

α, where the magnitude of R2
α represents the

proportion of unexplained variance in the potential outcomes of Y (to non-
exposure and exposure) that is explained by U and the sign of R2

α represents
the direction of bias due to unmeasured confounding (e.g., R2

α = ±5% speci-
fies that U explains 5% of the unexplained variance of the potential outcomes
of Y and allows adjusting for U to move the point estimate towards and away
from the null). See [5] for an explanation on how to derive R2

α from α.
Program causalsens outputs a line plot and a table of β̂X|C,U(φ) and cor-

responding 95% CI for different values of φ. Additionally, causalsens reports
benchmarks for R2

α based on the partial R2 of Y with each covariate in C.
Note that, the line plot does not explicitly indicate the tipping points of the
point estimate or CI. However, the analyst can easily determine from the
plot the values of φ at which the bias-adjusted estimate, β̂X|C,U(φ), equals a
specific value (e.g., the null), or the values of φ at which the CI includes or
excludes the null.

Program causalsens is an R package available from GitHub page https:

//github.com/mattblackwell/causalsens or the Comprehensive R
Archive Network (CRAN). It requires individual participant data and expo-
sure X must be binary but outcome Y can be continuous or binary, although
the naive analysis is restricted to a linear regression. Program causalsens
can be applied when the estimand of interest is the ATE or ATT. The pro-
gram outputs results with respect to the original bias parameter, α, and the
alternative parameterisation, R2

α. By default, causalsens chooses values for
φ based on features of Y . The analyst can override this default setting to
specify their own values and can customise their own confounding function.
Note that, the R package downloaded from CRAN fixes the statistical signif-
icance to be at the 5% level whereas the R package downloaded from GitHub
allows the analyst to change the statistical significance level.

2.3 sensemakr

The program uses formulae to estimate β̂X|C,U(φ) and its t-value for prespec-
ified values of φ. Additionally, sensemakr reports summary measures, called
“robustness values”, which quantify the minimum amount of unmeasured
confounding needed to change a study’s conclusions, conditional on C [10].

The bias model has two bias parameters R2
X∼U |C and R2

Y∼U |X,C : R2
X∼U |C

is the proportion of the variance of X, not explained by C, that is explained
by U , and R2

Y∼U |X,C is the proportion of the variance of Y , not explained by
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X and C, that is explained by U . Considering both directions of effect of U ,
the bias-adjusted estimate is β̂X|C,U(φ) = β̂X|C ± ∆̂φ, where ∆̂φ denotes the
magnitude of the bias due to levels of unmeasured confounding specified by
φ = (R2

X∼U |C , R
2
Y∼U |X,C) and is calculated as

|∆̂φ| = se(β̂X|C)

√√√√R2
Y∼U |X,CR

2
X∼U |C

1−R2
X∼U |C

× df, (1)

where se(β̂X|C) and df are the standard error of the exposure effect and
degrees of freedom from the naive analysis, respectively. The standard error
of the bias-adjusted estimate is calculated as

se(β̂X|C,U(φ)) = se(β̂X|C)

√√√√1−R2
Y∼U |X,C

1−R2
X∼U |C

× df

df − 1
. (2)

The robustness value for the point estimate (or t-value) represents the
minimum value of R2

X∼U |C and R2
Y∼U |X,C , when R2

X∼U |C = R2
Y∼U |X,C , such

that β̂X|C,U(φ) (or its t-value) equals its prespecified tipping point value; for
example, the null (or the 5% critical t-value). A robustness value close to
1 indicates that strong unmeasured confounding would be needed to change
the study conclusions, whilst a value close to 0 indicates that very weak un-
measured confounding could change the conclusions. The robustness values
are derived from the above equations by setting R2

X∼U |C = R2
Y∼U |X,C and ∆̂φ

to the relevant tipping point value.
Program sensemakr provides benchmark values (called “benchmark

bounds”) for R2
X∼U |C and R2

Y∼U |X,C based on the partial R2 values of X
and Y , respectively, with each measured covariate of C. Note that, these
benchmark bounds are calculated adjusting for the omission of the unmea-
sured confounder(s) (i.e., these benchmark bounds are not simply partial
R-squared values from regressions X|C and Y |X,C) [10]. See [10] and [11]
for a discussion on the disadvantages of ignoring U when deriving bench-
mark values, even when U is assumed to be independent of C. Additionally,
sensemakr can calculate benchmark bounds based on a group of measured
covariates.

Program sensemakr makes no distributional assumptions about U but
does assume that U is either a single unmeasured confounder or a linear
combination of two or more unmeasured confounders. Cinelli and Hazlett
state that their assumption about multiple unmeasured confounders is con-
servative [10].
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Program sensemakr outputs robustness values for the point estimate and
t-value, and contour plots of β̂X|C,U(φ) and corresponding t-value for prespec-
ified values of φ. These contour plots include markers representing multiples
of the benchmark bounds (e.g., once, twice, or three times the magnitude
of a benchmark bound) and indications of the combinations of R2

X∼U |C and

R2
Y∼U |X,C that correspond to a tipping point for the point estimate or t-

value. Also, sensemakr outputs a table of benchmark bounds and values of
β̂X|C,U(φ) and corresponding CI when R2

X∼U |C and R2
Y∼U |X,C equal multiples

of the benchmark bounds.
Program sensemakr is available as an R package (install from CRAN

or GitHub page https://github.com/carloscinelli/sensemakr), Stata
command (install from the Statistical Software Components (SSC) archive or
GitHub page https://github.com/resonance1/sensemakr-stata), and as
a web tool https://carloscinelli.shinyapps.io/robustness_value/. The
analyst can either apply sensemakr to their individual participant data using
R or Stata, or input summary data from the naive analysis using R or the
web tool. By default, the direction of the effect of U is towards the null
and the tipping points for the point estimate and t-value are the null and
t-critical value at 5% statistical significance, respectively. Available options
allow the analyst to set the direction of effect to be away from the null, a
different statistical significance level, and a non-null value for the tipping
point of the point estimate. Program sensemakr also implements a QBA for
an extreme scenario in which all or most of the unexplained variation in Y
is explained by U (e.g., R2

Y∼U |X,C = 1).

2.4 EValue

The program reports a summary measure, called an E-value, which quantifies
the minimum amount of unmeasured confounding needed to change a study’s
conclusions, conditional on the measured covariates [12]. Here we describe
the E-value when the tipping point of the point estimate is the null, although
it can also be set to a non-null value (see supplementary materials of [12]).

The E-value is defined on the risk ratio scale and is derived from two
bias parameters φ = (RRXU , RRUY ). For binary X and a single, binary U ,
RRXU represents the risk ratio for the effect of X on U conditional on C and
RRUY represents the maximum risk ratio for the effect of U on Y conditional
on C among the exposed and unexposed [13]. (Note that, U can represent a
single or multiple unmeasured confounders of type continuous, categorical or
mixed. See Ding and VanderWeele [13] for a general definition of RRXU and
RRUY ). A separate E-value is calculated for the point estimate and CI limit
closest to the null (shortened to “CI limit” from here onward). The E-value
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for the point estimate represents the minimum value of RRXU and RRUY ,
when RRXU = RRUY , such that the bias-adjusted point estimate is null or
in the reverse direction to that of the naive point estimate. Similarly, the
E-value for the CI limit represents the minimum value of RRXU and RRUY ,
when RRXU = RRUY , such that the exposure effect is no longer statistically
significant after adjustment for C and U .

The E-value is a positive number ≥ 1 with higher values indicating that
greater levels of unmeasured confounding (i.e., stronger X − U and Y − U
associations) are required to change the study conclusions. When the naive
point estimate is null (or its CI includes the null) the E-value for the point
estimate (or CI limit) is 1, indicating that no unmeasured confounding is
required to change the study conclusions. Importantly, the E-value is a
measure of sensitivity to unmeasured confounding for a worst-case scenario
(i.e., bias parameters RRXU and RRUY are set to values which maximise the
bias due to unmeasured confounding) [14].

The E-value for the point estimate (CI limit) is calculated using the naive
point estimate (CI limit from the naive analysis). When the exposure ef-
fect of interest is not a risk ratio, then the naive point estimate or CI limit
must be converted to an approximate risk ratio before calculating the E-value
[12]. For example, for standardised mean difference, β̂stdX|C , and corresponding

standard error, se(β̂stdX|C), the approximate risk ratio for the point estimate

is exp {0.91× β̂stdX|C} and the approximate risk ratio for a limit of the 95%

CI is exp {0.91× β̂stdX|C ± 1.78× se(β̂stdX|C}) [12]. (See [12] for more details,
including calculating approximate risk ratios for other types of effect mea-
sures.) For the remainder of this program description, we shall assume that
the naive point estimate and naive CI limit are risk ratios (or approximate
risk ratios).

The general formula for the E-value is

E-value = R̂R +

√
R̂R× (R̂R− 1), (3)

where R̂R denotes a risk ratio from the naive analysis and R̂R > 1. When
the naive point estimate is greater than 1 (less than 1), the E-value for the

point estimate is calculated by replacing R̂R in equation (3) with the naive
point estimate (inverse of the naive point estimate). Similarly, for a naive CI
that excludes the null, when the point estimate is greater than 1 (less than

1), the E-value for the CI limit is calculated by replacing R̂R with the lower
limit of the naive CI (inverse of the upper limit of the naive CI).

The rationale of the E-value is based on bias factor BFφ which represents
the maximum relative amount the naive risk ratio can be altered by unmea-
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sured confounding of a given strength specified by φ = (RRUY , RRXU) [12].
This bias factor is defined as

BFφ =
RRUYRRXU

RRUY +RRXU − 1
. (4)

According to VanderWeele and Ding [12], when the naive point estimate
is greater than 1, dividing this naive point estimate by BFφ gives a bias-
adjusted point estimate for the maximum effect of unmeasured confounding
of given strength φ = (RRUY , RRXU) [12] (i.e., most attenuated risk ratio
adjusted for C and U given φ). For a naive point estimate less than 1,
multiply the naive point estimate by BFφ to obtain the bias-adjusted point
estimate. Similarly, for the CI limit.

Software to calculate an E-value is available as R package EValue [15,
16] (available from CRAN and from GitHub page https://github.com/

mayamathur/evalue_package), Stata command evalue [17] (available from
the SSC archive), and web tool the e-value calculator [15] (available at
https://www.evalue-calculator.com/evalue). All implementations can
be applied when the effect measure of interest is a risk ratio, risk differ-
ence, standardised mean difference, odds ratio or hazard ratio for a rare
outcome (i.e., prevalence < 15%), and odds ratio or hazard ratio for a com-
mon outcome (i.e., prevalence ≥ 15%). Also, the software only requires
summary-level data (e.g., point estimate and CI limit from the naive anal-
ysis). The graphical output is a line plot of the values of RRUY and RRXU

that correspond to a prespecified tipping point of the point estimate with
the corresponding E-value indicated on the plot. Also, the Stata command,
evalue, can add to the graphical output the equivalent line plot for the CI
limit. Additionally, the e-value calculator includes a feature that outputs the
bias factor, BFφ, and corresponding bias-adjusted risk ratio for prespecified
values of φ = (RRUY , RRXU). Note that, program EValue does not supply
benchmark values for RRUY and RRXU . For comparison purposes, Vander-
Weele and Ding [12] suggest omitting each measured covariate in turn and
recalculating the E-value.

2.5 konfound

The program assesses sensitivity to a change in the statistical
(in)significance status of β̂X|C [18]. This includes the scenario where U ex-

plains away all of the statistical significance of β̂X|C (i.e., β̂X|C is statisti-

cally significant but β̂X|C,U(φ) is statistically insignificant) and the converse

scenario where U restores the statistical significance of β̂X|C (i.e., β̂X|C is
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statistically insignificant but β̂X|C,U(φ) is statistically significant). Program
konfound refers to the first scenario as U “invalidating inference” and the
second as U “sustaining inference”. By default, the significance level is 5%
and the null hypothesis is “no exposure effect”, both of which can be changed
by the analyst.

Program konfound reports two summary measures that quantify the min-
imum level of unmeasured confounding necessary to change conclusions on
statistical significance: “percent bias” and “impact threshold”. Percent bias
is a measure of the minimum percentage of β̂X|C that would need to be ex-
plained away by U in order for unmeasured confounding to invalidate or
sustain inference [19, 20]. The formula for the percent bias is a function of
estimated quantities from the naive analysis and the value of β̂X|C,U(φ) when
its P-value is exactly κ% (for statistical significance defined at the κ% level).
The impact threshold is also derived from estimated quantities of the naive
analysis plus two bias parameters φ = (rX∼U |C , rY∼U |C): rX∼U |C and rY∼U |C
represent the partial correlation between U and X and between U and Y
(conditional on C), respectively [21]. The impact threshold is the product
rX∼U |C×rY∼U |C when rX∼U |C and rY∼U |C are equal and set to their minimum
value such that statistical inference is invalidated or sustained. Note that,
the percent bias measure is always positive but the impact threshold mea-
sure can be positive or negative depending on the direction of the correlation
between U and X and between U and Y . For both measures, larger absolute
values indicate greater robustness to unmeasured confounding.

Software konfound is available as an R package (from CRAN or GitHub
page https://github.com/jrosen48/konfound), a Stata command (see [18]
for download instructions), and a web tool https://jmichaelrosenberg.
shinyapps.io/konfound-it/. The R and Stata implementations can be
applied to individual participant data and to summary-level data using R
function or Stata command pkonfound. The web tool and R package can be
used with two types of summary-level data: (1) point estimate, standard er-
ror, sample size and number of measured covariates from the naive analysis,
and (2) a 2× 2 cross tabulation of exposure and outcome data.

The software outputs the percent bias (depicted by a bar graph, called
a “threshold plot”, when β̂X|C is statistically significant) and the impact
threshold (depicted by a causal-type diagram called a “correlation plot”;
only generated by the R package and web tool). Only the Stata command
provides benchmark values for rX∼U |C and rY∼U |C , which are the partial
correlation of each measured covariate Cj with X and with Y , respectively,
given the remaining measured covariates.

Extra features include a nonlinear option to conduct a QBA when the
analysis model is a logistic or probit regression (although the R package and
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Stata command report a warning to ignore the impact threshold for a binary
outcome) and an R function and Stata command, called mkonfound, to apply
the QBA to multiple studies.

3 The Barry Caerphilly Growth study

In this section, additional results of the QBA analysis of the Barry Caerphilly
Growth study are presented.

14



Supplementary Figure 2: sensemakr contour plots when unmeasured con-
founding increases the exposure effect of child overweight on adult body
mass index: black contours (bias-adjusted estimates for the point estimate
in (a) and t-value at 5% significance in (b)), diamonds (benchmarks using
maternal weight (MW)), and black triangle (naive estimate). Data from the
Barry Caerphilly Growth study.
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Supplementary Table 1: Benchmark bounds for sensemakr ’s bias param-
eters, R2

X∼U |C and R2
Y∼U |X,C , based on partial R2 of a measured covariate

(or group of covariates) with exposure X (child overweight) and outcome Y
(adult body mass index). Data from the Barry Caerphilly Growth study.

Measured covariate R2
X∼U |C(%) R2

Y∼U |X,C(%)

Gestational age 0.10 0.14
Sex 0.89 0.00
Birth weight 2.52 0.07
Paternal height 0.14 1.03
Paternal weight 0.73 3.77
Maternal height 0.27 1.43
Maternal weight 0.94 6.61

All covariates 5.47 13.52

Supplementary Figure 3: E-values for the effect of childhood overweight on
adult body mass index from the Barry Caerphilly Growth study. Curves
denote value combinations of the bias parameters that explain away 100%
of the naive point estimate (red) and statistical significance at the 5% level
(black); dots denote corresponding E-values.

1 2 3 4 5

1
2

3
4

5

Risk ratio for exposure−confounder relationship

R
is

k 
ra

tio
 fo

r 
co

nf
ou

nd
er

−
ou

tc
om

e 
re

la
tio

ns
hi

p

E−value: (2.5,2.5)
E−value (CI): (1.93,1.93)

16



Supplementary Table 2: Benchmark E-values, for the point estimate and
lower confidence interval (CI) limit for the effect of child overweight on adult
body mass index from the Barry Caerphilly Growth study.

E-value
Measured covariate Point estimate Lower CI limit
Gestational age 2.49 1.92
Sex 2.50 1.94
Birth weight 2.53 1.96
Paternal height 2.53 1.95
Paternal weight 2.62 2.03
Maternal height 2.55 1.97
Maternal weight 2.68 2.08

Supplementary Figure 4: konfound : Threshold plot representing the percent
bias necessary to invalidate inference (at 5% statistical significance) for the
effect of childhood overweight on adult body mass index from the Barry
Caerphilly Growth study.
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Supplementary Figure 5: konfound : Correlation plot of the impact of un-
measured confounding necessary to invalidate inference (at 5% statistical
significance) for the effect of childhood overweight on adult body mass in-
dex from the Barry Caerphilly Growth study. rX∼U |C and rY∼U |C denote
partial correlations between unmeasured confounder U and exposure X, and
between U and outcome Y , respectively, conditional on measured covariates
C.

Unmeasured
Confounder

Exposure Outcome

rx~u | c =
 0.361

ry~u | c =

0.361

rx~u | c * ry~u | c =
0.13

To invalidate an inference

Supplementary Table 3: konfound : Benchmark values for rX∼U |C and
rY∼U |C , and impact threshold rX∼U |C × rY∼U |C , based on partial correla-
tions of each measured covariate with childhood overweight and adult body
mass index. Data from the Barry Caerphilly Growth study.

Measured covariate rX∼U |C rY∼U |C Impact threshold
Gestational age −0.0312 0.0298 −0.0009
Sex 0.0938 0.0216 0.0020
Birth weight 0.1568 0.0576 0.0090
Paternal height −0.0368 −0.1062 0.0039
Paternal weight 0.0854 0.2030 0.0173
Maternal height −0.0518 −0.1267 0.0066
Maternal weight 0.0965 0.2614 0.0252
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3.1 Screenshots of the web tools

This section presents screenshots of the application of the web tools of sense-
makr, EValue, and konfound to the Barry Caerphilly Growth study.
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Supplementary Figure 6: Screenshot of the sensemakr web tool applied to
the Barry Caerphilly Growth study.
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Supplementary Figure 7: Screenshot of the e-value calculator web tool ap-
plied to the Barry Caerphilly Growth study.
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Supplementary Figure 8: Screenshot of the konfound web tool applied to the
Barry Caerphilly Growth study.
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4 The National Health and Nutrition Exam-

ination Survey

We applied treatSens, causalsens, sensemakr, EValue and konfound to data
from the NHANES study. As per the analysis of the BCG study, we used
measured variables to represent the unmeasured confounders U . So, in effect
our analyses examined the effect of not including certain confounders and
we assumed that after adjustment for U and C there was no unmeasured
confounding.

For treatSens we used Probit regression for its treatment model because
X was binary, and for causalsens we used the one-sided confounding func-
tion because we assumed the exposure effect was the same in both exposure
groups.

As this is an illustrative example of applying a QBA to unmeasured con-
founding, we have ignored other potential sources of bias (such as missing
data) and only considered a small number of measured covariates. We re-
stricted our analyses to participants with complete data on Y,X,C and U .

4.1 Description of the study

The NHANES study consists of a series of health and nutrition surveys con-
ducted by the National Center for Health Statistics. Every year since 1999,
approximately 5, 000 individuals of all ages are interviewed in their homes
with health examinations conducted in a mobile examination centres. We
analysed data from the 2015− 2016 NHANES survey [22].

Our analysis was a linear regression of systolic blood pressure (SBP) on
diabetes among adults aged ≥ 18 years. Diabetes was defined as a HbA1c
measurement of at least 6.5% (diabetes = 1 if HbA1C ≥ 6.5%, 0 otherwise)
[23]. Measured covariates C were age and sex, with age as the strongest
measured covariate (i.e., largest associations with diabetes and SBP). The
unmeasured confounders U were BMI, ethnicity and poverty income ratio
(PIR; the ratio of family income to the federal poverty line [24]). Based on
the 4, 576 participants with complete data on all variables, β̂X|C was 3.48
mmHg (99% CI 1.55, 5.40 mmHg; P-value < 0.0001) and the fully adjusted
estimate (i.e., adjusted for C and U) was 1.67 mmHg (99% CI −0.27, 3.61
mmHg; P-value 0.03). So, controlling for BMI, ethnicity and PIR explained
48% of β̂X|C and resulted in a 99% CI that contained the null (i.e., P-value
greater than 0.01). Statistical significance was defined at the 1% level.

Note that, we used the GitHub version of causalsens to enable us to
set the statistical significance level to 1%. For program EValue, statistical
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significance is fixed at 5% when using the function for a standardised mean
difference. To get around this we calculated the approximate risk ratios by
hand and then applied the function for a risk ratio directly to the approximate
risk ratio of the CI limit of interest.

We begin with a description of the outputted results and then compare
the results across the five programs.

4.2 Results

treatSens
Supplementary Figure 9(a) shows the results of the treatSens QBA. If the
magnitudes of the diabetes−U and SBP-U associations were comparable to
those of the strongest measured covariate, age (diabetes−age = 0.45, and
SBP−age = 0.44 on the standardised scale) then β̂X|C,U(φ) could be ≈ 0.28

standard deviations of SBP (i.e., 46% increase of β̂X|C and statistically sig-
nificant) or approximately 0.10 standard deviations of SBP (48% reduction
of β̂X|C) with a P-value of 0.01. Potentially, a U comparable to age could ex-

plain away the statistical significance of β̂X|C . For unmeasured confounding

to explain away all of β̂X|C then U would need to have stronger associa-
tions with either diabetes, SBP or both (e.g., double that of diabetes−age
(ζX ≈ 1, ζY ≈ 0.49), or double that of SBP−age (ζX ≈ 0.45, ζY ≈ 1), or
in-between for both (ζX ≈ 0.60, ζY ≈ 0.75)).

causalsens
Supplementary Figure 9(b) shows the results of the causalsens QBA, where
R2
α > 0 corresponds to individuals in the diabetic group tending to have

higher potential SBP values (to both exposure to diabetes and no expo-
sure) than the non-diabetic group (i.e., individuals in the non-diabetic group
tended to be healthier regardless of diabetic status); and the converse for
R2
α < 0. Note that, the default scale for R2

α > 0 excluded the benchmark for
the strongest measured covariate (age).

If the residual variance explained by U was comparable to that of the
weakest measured covariate, sex, (|R2

α| = 0.015 or 1.5%) then β̂X|C,U(φ) could
be as large as 9 mmHg or a reversed effect of about −2.5 mmHg; both with
a P-value < 0.01. Additionally, if U had a partial R2 value closer to that of
age then β̂X|C,U(φ) could be ≤ −10 mmHg or ≥ 15 mmHg. A U weaker than
covariate sex (with respect to proportion of the explained residual variance)
could explain away the statistical significance of β̂X|C . For relatively weak
levels of unmeasured confounding (i.e., R2

α ≈ 0.01), then U could explain
away all of β̂X|C (i.e., β̂X|C,U(φ) = 0).
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sensemakr
The robustness values for β̂X|C and 1% statistical significance were 6.65% and
3.03%, respectively. Values for R2

X∼U |C and R2
Y∼U |X,C exceeding 6.65% are

plausible given the benchmark bounds reported in Supplementary Table 4.
Therefore, we cannot exclude the possibility that unmeasured confounding
could explain away all of β̂X|C or all of its 1% statistical significance. This
is supported by Supplementary Figures 9(c) and (d) which show that even if
U was a weaker confounder than age, provided the direction of its effect was
to reduce the point estimate, then accounting for U could result in a null or
statistically insignificant exposure effect. Depending on the direction of the
effect of U , if the magnitude of the confounding effect of U was comparable to
that of age then the exposure effect could be reversed with β̂X|C,U(φ) = −3.41

mmHg (Figure 9(c)) or increased to β̂X|C,U(φ) = 10.36 mmHg (Supplemen-
tary Figure 10(a)).

EValue
The E-values for β̂X|C and its 99% lower CI limit were 1.67 and 1.38, re-
spectively (Supplementary Figure 11). Supplementary Table 5 reports the
benchmark E-values after excluding age and sex, separately. Adjusting for
age reduces the E-value for the point estimate and lower CI limit by about
1 (e.g., moved from 2.61 to 1.67). Therefore, if the confounding effect of U
was comparable to age, adjusting for age, sex and U could result in E-values
close to 1. Therefore, we cannot exclude the possibility that unmeasured con-
founding could explain away all of β̂X|C or all of its 1% statistical significance.

konfound
The percent bias and impact threshold were 44.67% and 0.032, respectively.
Therefore, adjusting for U could result in a statistically insignificant expo-
sure effect if U explained away at least 44.67% of β̂X|C (i.e., β̂X|C,U(φ) < 1.93
mmHg; Supplementary Figure 12) or if the partial correlations of U with
SBP and diabetes both exceeded 0.178 (Supplementary Figure 13). Note
that, the benchmark values for rX∼U |C and rY∼U |C based on age (Supple-
mentary Table 6) were larger than 0.178 implying that a U comparable to
age could explain away the statistical significance of the exposure effect.

Comparison of the results
If U was comparable to the strongest measured covariate, age, then causalsens,
sensemakr, and EValue indicated that the exposure effect adjusted for C and
U would either be null or in the reverse direction, while treatSens suggested
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that the exposure effect would still be positive although not statistically sig-
nificant at the 1% level. Program konfound also indicated that the statistical
significance of the exposure effect was not robust to unmeasured confounding
(if U was comparable to age). Given there were only two measured covariates,
it seems plausible that there could be a U comparable to age (with respect to
confounding of the diabetes-SBP relationship) and possibly that there were
multiple unmeasured confounders. In context of multiple unmeasured con-
founders, then the results of treatSens also indicate that the exposure effect
adjusted for C and U could either be null or in the reverse direction.

All programs were in line with the fully adjusted results with respect
to the sensitivity of the statistical significance of the exposure effect to un-
measured confounding by BMI, ethnicity and poverty income ratio. However,
the fully adjusted exposure effect remained strictly positive (i.e., unmeasured
confounding by BMI, ethnicity and poverty income ratio did not explain away
all of β̂X|C). The slight conservativeness of these programs may be because
they do not account for dependencies between the multiple unmeasured con-
founders.

Note that, on a computer with 2.7 gigahertz the run-time of treatSens
(with the default setting of single-threading [25]) was 10 minutes while the
other programs generated their results instantaneously.
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Supplementary Figure 10: sensemakr contour plots when unmeasured con-
founding increases exposure effect of diabetes on systolic blood pressure:
black contours (bias-adjusted estimates for point estimate in (a) and t-value
at 1% significance in (b)), diamonds (benchmarks), and black triangle (naive
estimate) Data from the National Health and Nutrition Examination Survey.

Partial R2 of confounder(s) with the treatment

P
ar

tia
l R

2  o
f c

on
fo

un
de

r(
s)

 w
ith

 th
e 

ou
tc

om
e

 5 
 10 

 15 

 20 

 25 

 30 
 35 

0.0 0.1 0.2 0.3 0.4

0.
0

0.
1

0.
2

0.
3

0.
4

0.
5

0.
6

1x age
(10.36)

2x age
(17.81)

naive
(3.48)

(a) sensemakr for point estimate

Partial R2 of confounder(s) with the treatment

P
ar

tia
l R

2  o
f c

on
fo

un
de

r(
s)

 w
ith

 th
e 

ou
tc

om
e

 5 
 10 

 15 

 20 

 25 

 30 

 35 

 40 

 45 

 50 

 55 

 60 

0.0 0.1 0.2 0.3 0.4

0.
0

0.
1

0.
2

0.
3

0.
4

0.
5

0.
6

1x age
(15.73)

2x age
(33.08)

naive
(4.66)

(b) sensemakr for t-value



Supplementary Table 4: Benchmark bounds for sensemakr ’s bias param-
eters, R2

X∼U |C and R2
Y∼U |X,C , based on partial R2 of a measured covariate

(or group of covariates) with exposure X and outcome Y . Data from the
National Health and Nutrition Examination Survey.

Measured covariate R2
X∼U |C(%) R2

Y∼U |X,C(%)

Age 6.43 27.08
Sex 0.07 1.09

Age and sex 6.53 28.49

Supplementary Figure 11: E-value quantitative bias analysis plot for the
effect of diabetes on systolic blood pressure from the National Health and
Nutrition Examination Survey study. Curves denote bias parameter values
that explain away 100% of the naive point estimate (red) and statistical
significance at the 1% level (black); dots denote corresponding E-value.
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Supplementary Table 5: Benchmark E-values, for the point estimate and
lower 99% confidence interval (CI) limit, based on omitting each measured
covariate while controlling for the remaining measured covariates. For the
effect of diabetes on systolic blood pressure from the National Health and
Nutrition Examination Survey.

E-value
Measured covariate Point estimate Lower CI limit

Age 2.61 2.27
Sex 1.69 1.40

Supplementary Figure 12: konfound : Threshold plot representing the per-
cent bias necessary to invalidate inference (at 1% statistical significance) for
the effect of diabetes on systolic blood pressure from the National Health
and Nutrition Examination Survey study.
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Supplementary Figure 13: konfound : Correlation plot of the impact of
unmeasured confounding necessary to invalidate inference (at 1% statistical
significance) for the effect of diabetes on systolic blood pressure from the Na-
tional Health and Nutrition Examination Survey study. rX∼U |C and rY∼U |C
denote partial correlations between unmeasured confounder U and exposure
X, and between U and outcome Y , respectively, conditional on measured
covariates C.

Unmeasured
Confounder

Exposure Outcome

rx~u | c =
 0.178

ry~u | c =

0.178

rx~u | c * ry~u | c =
0.032

To invalidate an inference

Supplementary Table 6: konfound : Benchmark values for rX∼U |C and rY∼U |C
and impact threshold rX∼U |C × rY∼U |C . Data from the National Health and
Nutrition Examination Survey study.

Measured rX∼U |C rY∼U |C Impact
Covariate Threshold
Age 0.25 0.46 0.12
Sex -0.03 -0.11 -0.33
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4.3 Screenshots of the web tools

This section presents screenshots of the application of the web tools of sense-
makr, EValue, and konfound to the National Health and Nutrition Exami-
nation Survey.
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Supplementary Figure 14: Screenshot of the sensemakr web tool applied to
the National Health and Nutrition Examination Survey.
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Supplementary Figure 15: Screenshot of applying the e-value calculator web
tool to the National Health and Nutrition Examination Survey.
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Supplementary Figure 16: Screenshot of applying the konfound web tool to
the National Health and Nutrition Examination Survey. Note the statistical
significance is fixed at the 5% level.
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