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Regression calibration is a popular approach for correcting biases in estimated regression parameters when
exposure variables are measured with error. This approach involves building a calibration equation to estimate the
value of the unknown true exposure given the error-prone measurement and other covariates. The estimated, or
calibrated, exposure is then substituted for the unknown true exposure in the health outcome regression model.
When used properly, regression calibration can greatly reduce the bias induced by exposure measurement error.
Here, we first provide an overview of the statistical framework for regression calibration, specifically discussing
how a special type of error, called Berkson error, arises in the estimated exposure. We then present practical
issues to consider when applying regression calibration, including: 1) how to develop the calibration equation and
which covariates to include; 2) valid ways to calculate standard errors of estimated regression coefficients; and
3) problems arising if one of the covariates in the calibration model is a mediator of the relationship between the
exposure and outcome. Throughout, we provide illustrative examples using data from the Hispanic Community
Health Study/Study of Latinos (United States, 2008–2011) and simulations. We conclude with recommendations
for how to perform regression calibration.

Berkson error; bias (epidemiology); calibration equation; measurement error; nutritional epidemiology;
regression calibration; STRATOS initiative; validation studies

Abbreviations: BMI, body mass index; CI, confidence interval; HCHS/SOL, Hispanic Community Health Study/Study of Lati-
nos; OR, odds ratio; SE, standard error; SOLNAS, Study of Latinos: Nutrition and Physical Activity Assessment Study; STRATOS,
Strengthening Analytical Thinking for Observational Studies.

Measurement error in exposures that are important to
public health, such as dietary intakes, physical activity,
and smoking, is becoming increasingly recognized as a
problem (1–5), and methods for mitigating its effects are
being researched and applied (6–11). A recent review
found regression calibration to be the most commonly used
method to adjust for bias in estimates of an exposure-health
outcome association resulting from measurement error (11).
However, implementing regression calibration requires care
and, crucially, information regarding the errors in measuring
the exposure that is generally acquired from a validation
study. Here, we highlight issues that commonly arise in its
implementation and illustrate them with examples drawn
from the Hispanic Community Health Study/Study of Lati-

nos (HCHS/SOL) (12) and simulations. This work is part
of the Strengthening Analytical Thinking for Observational
Studies (STRATOS) Initiative, an international effort aiming
to provide accessible biostatistical guidance to elevate
current practice in analyzing observational studies (13, 14).
STRATOS comprises several working groups, including
the Measurement Error and Misclassification Topic Group
(TG4), focusing on areas of statistics where gaps exist
between currently available statistical methodology and
practice (13, 15).

We focus in this paper on the version of regression cali-
bration described by Carroll et al. (6). The regression cali-
bration of Rosner et al. (16) gives mathematically equivalent
estimates for linear predictors (17), and is mainly used with
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external validation studies (discussed below). Regression
calibration (6, 18) involves developing a calibration equa-
tion that estimates the true exposure value for an individ-
ual based on their error-prone measured value and other
covariates. This calibration estimate is then used in place
of the unknown true exposure in the health outcome regres-
sion model. We illustrate the concepts in this paper with
a simplified model that assumes the exposure is a linear
effect with no interaction terms, but note that regression
calibration may be applied more broadly to any outcome
model. In The Basics, below, we explain the statistical basis
for this approach, noting that the calibration estimate is
itself an error-prone measure of the exposure but one with
a particular type of error, called Berkson error (19). The
method requires that this Berkson error be uncorrelated with
the other outcome-model covariates.

We then consider 3 main topics:

1. The calibration equation—the validation study data
required and choice of covariates. We emphasize the
relationship between the covariates in the health out-
come model and those in the calibration model.

2. The outcome model and appropriate methods for com-
puting the standard error (SE) of the estimated associ-
ation parameter.

3. The special problem when one of the calibration-
model covariates is a mediator of the relationship
between exposure and health outcome.

We conclude with a checklist of the issues raised.

THE BASICS

Regression calibration

Say we aim to learn the association between exposure X
and health outcome Y , adjusted for confounding covari-

ates Z. For instance, Y could be hypertension, X potas-
sium intake, and Z age and sex. With data available on
(Y , X, Z), fitting a regression model of Y on X and Z (the
outcome model) allows examination of this association.
For ease of presentation, we assume the model in ques-
tion is a generalized linear model (including both linear
and logistic regression as possibilities) or a Cox regression
model, and that the correctly specified outcome regression
model includes X as a linear effect with no interactions.
Regression calibration may be applied more broadly to
any outcome regression model. For example, Murad and
Freedman (20) consider regression calibration applied to
outcome models that include interactions between two con-
tinuously measured, error-prone covariates. Estimating the
regression coefficient of X then accomplishes the task. We
focus on X being a single exposure measure, but the concepts
described can be extended to several exposures considered
simultaneously (16).

When X is measured with error, as occurs when potassium
intake is self-reported, more statistical effort is required. The
available data are now (Y , X∗, Z), where X∗ is an error-prone
measurement of X. We assume the measurement error is
nondifferential with respect to the outcome, meaning that X∗
carries no more information about Y than is already provided

by X and Z. In our example, this occurs if people with and
without hypertension misreport similarly their potassium
intake, a reasonable assumption if diet is reported before
any diagnosis of hypertension. Even under this condition,
plugging the (Y , X∗, Z) data into the outcome model and
estimating the regression coefficient of X∗ gives a biased
estimate of the association of hypertension with potassium
intake (3, 5, 8).

A popular method for avoiding this bias, regression cal-
ibration, is based on estimating each participant’s unob-
served X value given their observed X∗ and Z values. In
our example, we estimate true potassium intake from self-
reported intake and other covariates. The outcome model is
now fitted to (Y , X̂, Z) data, where X̂ is the said estimate.
Underlying theory prescribes that this estimate be formed
as the conditional mean of X given X∗ and Z, that is,
X̂ = E (X|X∗, Z). This expression is called the calibration
equation. We call the resulting value of X̂ the calibration
estimate of X. In some linear outcome models, regression
calibration exactly removes the bias, but more generally,
this is only approximately true, including in our example,
where hypertension, Y , a binary variable, is modeled using
logistic regression. For logistic and Cox regression models,
the remaining bias is small when there is only a modest
association between X and Y , a relatively small amount of
measurement error in X∗, or a rare outcome Y (6, 18, 21).

Using the calibration estimate X̂ in the outcome model
does lead to a higher variance of the estimated regres-
sion coefficient of X. In general, the lower the correlation
between X̂ and X, the greater the increase in variance of the
estimated regression coefficient and the lower the resultant
statistical power to detect the association (22).

Usually the calibration equation, X̂ = E (X|X∗, Z) is
unknown, and it must be estimated from validation data.
These could be a sample of individuals for which (X, X∗, Z)
are observed. The estimated regression model of X on X∗

and Z approximates the needed equation for X̂, but the extra
uncertainty involved in this estimation should be accounted
for in the subsequent analysis (see The Variance of the
Estimated Exposure-Outcome Association, below).

Ideally, the validation data would consist of observa-
tions on (X, X∗, Z)—in our example, exact potassium intake,
self-reported potassium intake, and age and sex. However,
sometimes we might have only (X∗∗, X∗, Z), where X∗∗ is
an unbiased measurement of X with random error, so that
E (X∗∗|X∗, Z) = E (X|X∗, Z). Then the estimation procedure
is still valid. In our example, X∗∗ could be 24-hour urinary
potassium, which is considered an unbiased measurement
of potassium intake (3, 8). Sometimes, X∗ may itself be an
unbiased measurement of X with random error, in which
case replicate measures of X∗ provide sufficient data to form
a calibration equation (see Web Appendix 1, available at
https://doi.org/10.1093/aje/kwad098).

Berkson error

With most error-prone measurements X∗, the error in the
measurement is correlated with X∗. In contrast, any surro-
gate measure X̂ of an exposure X, is said to exhibit Berkson
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error if X = X̂ + U, where the random error U has
mean 0 and is independent of X̂. Berkson error occurs in
occupational health studies, when individuals are assigned
exposures equal to the mean exposure of their occupational
subgroup. Berkson error is generally viewed as not causing
bias in estimating associations, which is sometimes true. If
error U is nondifferential with respect to outcome Y and is
uncorrelated with all confounders Z, then using X̂ in place
of X in the outcome model does yield an unbiased estimate
of the regression coefficient (23). As explained below, this
fact is the basis for the regression calibration method.

Regression calibration through the Berkson error lens

A natural question arises about why regression calibration
works. When we cannot measure X exactly but have an error-
prone measurement X∗, we are told that substituting X∗ for
X in the regression of Y on X and Z gives a biased estimate
of the association of X with Y . Regression calibration tells us
to use X̂ = E (X|X∗, Z) in place of X. But X̂ itself is an error-
prone measurement of X, so how have we improved our sit-
uation? The answer is that X̂ has Berkson error, whereas X∗
(usually) does not. Moreover, by defining X̂ = E (X|X∗, Z),
the Berkson error term, U, is guaranteed to be uncorrelated
with the confounding covariates Z.

Viewing regression calibration this way reinforces the
hindrances placed upon the study investigator. We must
estimate the exposure using X̂ = E (X|X∗, Z); that is, we
must use the same variables Z in the calibration equation
as in the outcome model. This prohibits using a single
all-purpose calibration equation for an exposure. In our
example, estimating potassium intake as a function of self-
reported potassium intake, age, and sex is appropriate only
for assessing the association between potassium intake and
hypertension given age and sex. If we adjust the association
for another confounder, such as socioeconomic status, then
that confounder needs to be included in the calibration equa-
tion. Other principles in forming the calibration equation are
found in The Calibration Equation section, below.

FORMING THE CALIBRATION EQUATION

The required data

To form the calibration equation E (X|X∗, Z), data are
needed on X∗, Z, and either X or an unbiased measure
of X, denoted by X∗∗ (see Regression Calibration, above).
Where possible, these data should be collected in an internal
validation study (i.e., the participants should be a subgroup
of the main study cohort). Internal validation is preferable
for several reasons. First, covariates Z should include the
confounders of the outcome model. With internal validation,
these are naturally available. Second, the method of measur-
ing X∗ should be the same in the validation study as in the
main study.

Third, the calibration equation derived from the validation
study should be transportable (i.e., applicable) to the main
study data (Sections 2.2.4–2.2.5 in Carroll et al. (6)). With
an internal validation study, this property will likely hold.

For external validation studies, there are several issues that
may lead to the calibration equation not being transportable.
First, the instrument used to measure X∗ in the external
study may not be identical to that used in the main study.
For example, in dietary studies the questionnaires used to
capture dietary intake may differ between the external and
main studies. Second, the populations of the 2 studies may
differ in the way they report their dietary intake. Even when
the same instrument for X∗ is used in both studies, and the
populations are similar, thus supporting the assumption that
the measurement error models (X∗|X, Z) are the same in the
external and main studies, calibration equations E (X|X∗, Z)
of the 2 studies will coincide only when, in addition, the

distribution of exposure conditional on covariates (X|Z) is
the same in both studies (Section 2.2.5 in Carroll et al.
(6)). Thus, in our example, a difference in the distribution
of dietary intakes (adjusted for covariates) between the 2
studies could lead to nontransportability. In summary, with
external validation studies, extra care in applying regression
calibration is needed (24).

The design and sample size of validation studies are dis-
cussed in the section Size and Design of a Validation Study.

The calibration equation

The Basics, above, provides basic principles for construct-
ing the calibration equation. Here we discuss implementa-
tion details and provide examples.

When the outcome model is specified using a transformed
exposure (e.g., logarithmic scale), the calibration equation
should be specified to estimate the transformed exposure
directly (Section 4 in Carroll et al. (6)). It is generally inap-
propriate to first estimate the untransformed exposure and
then transform the estimate. This applies equally when using
a spline for modeling the exposure-outcome relationship
(e.g., Harrell et al. (25)). See Web Appendix 2 for details.

The rule of including all outcome-model confounders Z
in the calibration equation can be waived only when certain
confounders demonstrably do not contribute to the estima-
tion of X. In practice, one may test statistically whether con-
founders contribute to estimating X, and omit those that are
seemingly unimportant. See Heinze et al. (26), for example,
for guidance on selecting covariates.

Suppose an additional variable Z̃, not included among the
outcome model confounders Z, improves the estimation of
X. Its inclusion in the calibration equation, called enhanced
regression calibration, will increase the correlation of the
resulting X̂ with X, thereby increasing the power to detect
the association of X with Y (27). Theory allows use of Z̃ to
help estimate X if it provides no extra information about the
outcome beyond that provided by X and Z. In our example,
Z̃ might be an indicator of whether the self-report was made
on a weekday or weekend, allowing adjustment of esti-
mated potassium intake accordingly. However, if Z̃ provides
extra information about the outcome, then the investigator
needs to add Z̃ to the confounders Z already in the out-
come model. In practice, one may test whether Z̃ should be
selected for the outcome model using the methods of Heinze
et al. (26).
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Table 1. The Mean Estimate, Empirical Standard Error of the Mean, and Mean Percent (%) Bias for 1,000
Simulated Data Sets

Methoda Mean of Log Odds
Ratio Estimates

Empirical Standard
Error of Meanb % Bias

Uncorrected 0.201 0.002 −50.3

Correct RC 0.407 0.004 0.3

RC, nonaligned outcome modelc 0.912 0.006 125.0

RC, nonaligned calibration modeld 0.366 0.004 −9.7

Abbreviation: RC, regression calibration
a Results presented for the log odds ratio (β) of X from uncorrected logistic regression, RC correctly performed,

RC with a nonaligned outcome model, and RC with a nonaligned calibration model. True value of β.
b Empirical standard error of log odds ratio estimate/

√
(number of simulations).

c Outcome model that omits the confounder V.
d Calibration model that omits the confounder V to produce a nonaligned calibration estimate X̂.

Including Z̃ in the calibration is useful only when it
provides information about X over and above that provided
by X∗ and Z (27). In the example above, inclusion of the
weekday/weekend report variable should contribute enough
to the calibration model for potassium intake to justify its
selection (26).

To demonstrate the principle that the calibration and
outcome models need to include the same confounders,
we conducted simulations of a logistic regression outcome
model with multivariate normal covariates X∗, X, Z, and
an additional confounder V . Error-prone exposure X∗ was
correlated with X, Z and V . A validation subset included an
unbiased biomarker X∗∗ with independent random error.
Full details are provided in Web Appendix 3 and Web
Table 1. For each simulation we fitted the outcome model
with X replaced by: 1) the unadjusted X∗; 2) the calibration
estimate X̂ calculated from the correct calibration model;
3) as in (2) but with a nonaligned outcome model that
omitted V from the covariates; and 4) the calibration estimate
X̂ calculated from a nonaligned calibration model that
omitted V from the covariates,. The resulting estimated
exposure coefficients are summarized in Table 1. Only
the correctly performed regression calibration method (2)
yielded an (approximately) unbiased estimate.

We illustrate the same principle with a real example.
The HCHS/SOL is a large community-based cohort study

of 16,415 Hispanic/Latinos in the United States, recruited
using a complex survey design (12). For details, see Web
Appendix 4. We examined the association between potas-
sium intake and hypertension. Log potassium intake aver-
aged over two 24-hour recalls was the error-prone (28)
exposure measure (X∗). We used data from an HCHS/SOL
internal validation substudy, Study of Latinos: Nutrition and
Physical Activity Assessment Study (SOLNAS) (28), on 24-
hour urinary excretion of potassium (X∗∗), to develop a cal-
ibration equation for log potassium intake. The calibration
equation included X∗ and all outcome model confounders, Z
: age, sex, Hispanic/Latino background, education, income,
current smoking, body mass index (BMI), and supplement
use (yes/no). Using the calibration estimate X̂ in the logistic
regression outcome model, we estimated the odds ratio (OR)
of hypertension for a 20% increase in potassium intake,
controlling for confounders. We fitted the outcome model
first including all confounders, Z, and then including all
except supplement use, to assess the impact of omitting a
calibration equation covariate.

With supplement use included in the outcome model, the
estimated OR was 0.76 (95% confidence interval (CI): 0.60,
0.96), compared with 0.90 (95% CI: 0.75, 1.07) when omit-
ted (see Table 2). Thus, incorrectly omitting this calibration-
model covariate from the outcome model gave an OR much
closer to 1.0 and no longer statistically significant.

Table 2. Data Example, Presenting Estimates of the Odds Ratio of Hypertension Associated With a 20% Increase
in Potassium Intake When Supplement Use Is Either Included or Excluded From the Outcome Model, Hispanic
Community Health Study/Study of Latinos, United States, 2008–2011

Method of Estimation OR 95% CIa

Including supplement use in outcome model 0.76 0.60, 0.96

Omitting supplement use from outcome model 0.90 0.75, 1.07

Abbreviations: CI, confidence interval; OR, odds ratio.
a Based on a multiple imputation procedure described by Baldoni et al. (33), with 25 imputations; see Web

Appendix 8.
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Table 3. Regression Calibration Simulation Study Showing the Mean Estimate, Mean Percent (%) Bias, Empirical Standard Error, Median
Estimated Standard Error, and Coverage Probabilities of the Estimated 95% Confidence Interval for the Log Odds Ratio (β) of Xa

Method
Mean of Log Odds
Ratio Estimates

% Bias
Empirical Standard
Error of Log Odds

Ratio Estimate

Average Estimated
Standard Error

Coverage
Probability

Model-based
0.407 0.3 0.136

0.113 0.915

Bootstrap-based 0.140 0.954

a Results based on 1,000 simulated data sets. True β = log (1.5) = 0.4055. Bootstrap sampling was stratified on membership in the validation
substudy. We performed 1,000 bootstrap iterations. Bootstrap confidence intervals are based on the percentile bootstrap.

THE VARIANCE OF THE ESTIMATED
EXPOSURE-OUTCOME ASSOCIATION

Correctly estimating uncertainty of the association

Because regression calibration uses a calibration estimate,
X̂, of exposure, there is more uncertainty in the estimated
exposure-outcome association compared with using X. The
extra uncertainty derives from 2 sources. The main source
is the imperfect correlation between X̂ and X arising from
the measurement error in X∗. The second source is the finite
sample available for estimating the calibration equation,
leading to error in the estimated coefficients. Fitting the
outcome model with (Y , X̂, Z), the SEs of the estimated
outcome model coefficients reported by standard statistical
software, such as glm in R or genmod in SAS (SAS Institute,
Inc., Cary, North Carolina), do not incorporate this second
source of uncertainty, so are generally too small. This results
in 95% CIs being too narrow and having less than 95%
coverage probability.

To demonstrate this problem, we used the simulation
study described in Forming the Calibration Equation, above.
For correctly formulated regression calibration, we com-
pared the SEs reported by glm in R (R Foundation for
Statistical Computing, Vienna, Austria) with those based
on a nonparametric bootstrap procedure accounting for the
uncertainty in the calibration equation coefficients. We also
compared the coverage of their 95% CIs.

Table 3 shows that the model-based SEs (hereafter called
“unadjusted”) were too small, as judged by the empirical
SE, and resulted in less than 95% coverage probability. The
bootstrap-based SE was close to the empirical SE, providing
close to 95% coverage.

In the HCHS/SOL example, described above, the unad-
justed SE estimate of the regression coefficient for log
potassium was 11% smaller than the SE estimate adjusted
for calibration equation uncertainty (unadjusted SE = 0.59,
corrected SE = 0.66). Consequently, the unadjusted 95%
CI for the OR for a 20% increase in potassium intake was
(0.61, 0.94), compared with the adjusted 95% CI (0.60,
0.96). Here, the difference between the CIs was small; in
other settings (e.g., with smaller validation studies) more
appreciable differences are seen.

Two general methods to calculate a valid SE of regression
calibration-based estimates are 1) the bootstrap and 2) the

“stacked estimation equations” methods. The bootstrap is
usually easier to apply, with readily available statistical
software, and widely applicable, but it is computationally
intensive; it requires fitting the calibration model and then
the outcome model on many (generally ≥1,000) bootstrap
samples (29). With an internal validation study, bootstrap
sampling should be stratified by validation study participa-
tion.

Details of the “stacked estimation equations” method (30)
are provided in Web Appendix 5. In some settings, the
analytical formulas of Rosner et al. (16, 31, 32) may be
appropriate, and in studies with complex survey designs
other methods are needed, as in our use of the multiple
imputation variance estimator of Baldoni et al. (33) for the
HCHS/SOL study.

Size and design of a validation study

Uncertainty in the coefficients of the calibration equation
increases the uncertainty in the estimated exposure-outcome
association. One way of reducing uncertainty in estimat-
ing the calibration equation is to increase the validation
study sample size. Keogh et al. (23) provide guidelines
for choosing the validation study size, including a sample
size formula. Alternatively, simulations may be conducted,
as in designing the SOLNAS validation study. See Web
Appendix 6.

Sampling design issues arise when planning internal
validation studies. A simple random sample from the parent
cohort is the simplest valid option. SOLNAS participants
were recruited from the parent cohort using stratified
sampling to ensure an equal distribution of participants
from each of the 4 field centers. Consideration was given to
adequate representation from each of the 6 Hispanic/Latino
ethnicities (Cuban, Dominican, Mexican, Puerto Rican,
Central American, and South American) and BMI cate-
gories. Increasing the sampling probabilities of individuals
from small strata defined by calibration model covariates can
improve the precision of calibration equation coefficients,
while conditioning on the design variables in the calibration
equation ensures valid estimates (34). Alternatively, inverse-
probability weighting could be used to obtain valid calibra-
tion regression coefficients under more general validation
selection designs, where the selection depends on additional
factors beyond the calibration covariates; however, weighted
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estimators can result in a loss of efficiency relative to
simple random sampling (35). Failure to fully account for
the selection, either by adjusting for the design variables
or inverse-probability weighting can result in bias. In the
setting where selection may depend on unobserved factors,
perhaps through refusal to participate, it may be challenging
to estimate a correct adjustment for selection.

THE DILEMMA OF MEDIATION OF A COVARIATE IN THE
CALIBRATION EQUATION

Covariates in the calibration model should usually be
included as covariates in the outcome model (The Basics,
above). However, a methodological problem can arise.

In outcome models, mediators (variables believed to lie on
a causal pathway between exposure and outcome) should not
be entered as covariates (36). Doing so makes the exposure
regression coefficient represent not the total effect of expo-
sure on outcome (as required), but only the nonmediated part
of the effect. With regression calibration, this can create a
dilemma. If a mediator variable is also important for esti-
mating exposure, and is included in the calibration model,
then it should be included in the outcome model to avoid
biased estimation, but, as a mediator, the variable should not
be included.

This dilemma was first encountered in nutritional epi-
demiology when studying the association of cancer with
total energy intake (7). Total energy intake is poorly reported
using self-report instruments (37), but including BMI in the
calibration model greatly improves the R2. In that case, BMI
should be included in the outcome model. This creates 2
problems, one philosophical and one practical.

The philosophical problem is whether to regard BMI as
a confounder or a mediator of the energy intake–disease
association. Does high BMI cause higher energy intake, or
does high energy intake cause higher BMI? If the former,
then BMI is a confounder and should be included in the
outcome model. If the latter, then BMI is a mediator and
should be excluded.

Assuming BMI is a confounder allows its inclusion in the
outcome model, but this still leads to a practical problem.
BMI, being the most important covariate in the calibration
equation, is highly correlated with calibrated energy, so
entering both in the outcome model leads to collinearity and
difficulty with estimating their separate associations with
disease (9).

Assuming BMI is a mediator (which seems more likely)
leads to the dilemma described above, and is the issue that
we now focus on. To reiterate, when one of the principle
covariates in the calibration equation is also a mediator in the
outcome model, how should we estimate the association? In
reference (38), Douglas Midthune, proposed a solution: BMI
(the mediator) and calibrated energy intake are both included
in the outcome model, and their coefficients are estimated
and then combined linearly, accounting for the mediation
and yielding a consistent estimate (see Web Appendix 7).
Collinearity is partly overcome in this approach, because
the linear combination of the 2 parameters can be estimated
more precisely than each association separately, due to the
large negative correlation between them.

Table 4. Data Example, Presenting Estimates of the Odds Ratio
of at Least One of 4 Metabolic Syndrome Risk Factorsa Associated
With a 20% Increase in Energy Intake, Using 3 Different Methods,
Hispanic Community Health Study/Study of Latinos, United States,
2008–2011

Method of Estimation OR 95% CIb

Including BMI in outcome model 0.85 0.47, 1.53

Omitting BMI from outcome model 3.76 3.06, 4.62

Midthune’s method 1.52 1.01, 2.27

Abbreviations: CI, confidence interval; OR, odds ratio.
a Hypertension, hyperlipidemia, hypercholesterolemia, or hyper-

glycemia.
b Method for 95% CIs is described in Web Appendix 8.

We illustrate this method with another example from
HCHS/SOL. We considered the association between energy
intake and an outcome related to metabolic syndrome (39),
adjusted for confounders, Z: age, sex, Hispanic/Latino back-
ground, education, income, and current smoking. Calibrated
log energy intake, X̂, based on SOLNAS data, was a linear
combination of the log average of two 24-hour recall energy
intakes, confounders Z, and BMI. Note that we assume that
participants’ usual diet and weight were stable at the time of
data collection.

We examined 3 methods of estimating the OR per 20%
increase in energy intake.

1. Including BMI in the outcome model: that is, regress-
ing outcome on X̂, BMI, Z (assuming BMI is a con-
founder).

2. Omitting BMI from the outcome model: that is, re-
gressing outcome on X̂, Z (assuming BMI is a media-
tor—but known to give a biased estimate).

3. Midthune’s method (assuming BMI is a mediator—
see Web Appendix 7).

Table 4 shows that the 3 methods yielded widely dif-
ferent estimates. Including BMI in the model yielded an
OR estimate of less than 1, with the 95% CI including the
null value. Omitting BMI from the outcome model gave a
large, highly statistically significant OR (3.76) but one that is
biased. Midthune’s method yielded a statistically significant,
but much smaller OR (1.52), suggesting a positive total
association between energy intake and the outcome. The
95% CIs for these latter 2 methods did not even overlap.
This demonstrates that the estimate obtained from omitting
a mediator from the outcome model can be quite misleading
when the mediator is itself used in the calibration equation.

DISCUSSION

After explaining the statistical principles involved, we
have here considered practical issues arising when imple-
menting regression calibration for addressing exposure error
in epidemiologic studies. To conclude, we provide a check-
list of 7 main points made in the earlier sections.
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1. To avoid bias, the calibration equation should include
all confounders included in the outcome model.
Exceptions to this rule occur if a particular confounder
does not contribute to estimation of the exposure.
This can be investigated while building the calibration
equation using variable selection methods (e.g., see
Heinze et al. (26)). This principle means that, for any
given exposure, there is no single calibration equation
that is appropriate for all analyses.

2. If at all possible, a validation study should be con-
ducted internally. The simplest valid design for an
internal validation study is a simple random sample of
participants in the main study. Sometimes more com-
plex sampling designs can improve efficiency (40–42).

3. The validation study should be large enough that the
uncertainty in the calibration equation plays only a mi-
nor role in the precision of the estimated association.
A sample size formula is provided in Web Appendix 6.

4. When constructing the calibration equation, the
equation’s dependent variable should have the same
functional form of the exposure that is used in the
outcome model. For example, if log exposure is used
in the outcome model, the dependent variable of the
calibration model should be log exposure.

5. To avoid bias, the outcome model should include as
covariates not only the relevant confounding variables,
but also any extra covariates that are in the regres-
sion calibration model. An exception is when there is
evidence that the extra covariate is independent from
the outcome, conditional on the other covariates in
the model. This evidence may include showing that
the covariate would not be selected for the outcome
model (26).

6. When regression calibration is used, SEs must be
adjusted to account for the uncertainty in the estima-
tion of the calibration equation. Approaches for SE
estimation in the presence of regression calibration
include the bootstrap and stacked estimating equations
methods, and, for external validation studies, Rosner
et al.’s analytical formulas (16, 31, 32).

7. When a calibration model covariate mediates the
exposure-outcome relationship, Midthune’s method of
estimating the association parameter should be used.

We have here reviewed common issues encountered when
applying regression calibration and have made recommen-
dations for how to address them. Regression calibration
is an intuitive approach for addressing measurement error
in covariates, but its implementation requires care. When
properly applied, it greatly reduces the bias in estimated
association parameters caused by exposure measurement
error (43). Its wider use in observational epidemiology is
recommended.
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