
Evaluating Public Health Interventions:
4. The Nurses’ Health Study and Methods
for Eliminating Bias Attributable to Measurement
Error and Misclassification

The Nurses’ Health Study and

many other large longitudinal

cohorts around the world use

the food frequency question-

naire to assess dietary intake

over time, and to relate diet to

health.

Controversies concerning

this questionnaire’s ability to

adequately measure diet have

led to a flurry of methods for

evaluating the magnitude of

measurement error and mis-

classification in exposure as-

sessment, and for correcting

the point and interval esti-

mates of effect on the basis of

these assessment methods for

this error. Nurses’Health Study

investigators have been in the

forefront of these develop-

ments and their applications,

although hundreds of other

investigators have also used

them.

This commentary provides

an overview of the methods

and their uses, and concludes

with remarks on their potential

applications in the evaluation

of public health interventions.

(Am J Public Health. 2016;106:

1563–1566. doi:10.2105/

AJPH.2016.303377)

Donna Spiegelman, ScD

In honor of this issue of AJPH
commemorating the 40th an-

niversary of the launch of the
Nurses’ Health Study (NHS), I
highlight the relevance for public
health interventions of methods
for eliminating bias attributable
to measurement error and
misclassification, emphasizing
those that have been developed
and disseminated by NHS
investigators.

I have been deeply involved in
these activities as the statistician
for the Health Professionals
Follow-Up Study since 1992 and
for the NHS II since 1994, while
playing a statistical supporting
role in the NHS since I began my
thesis research at the Harvard
School of Public Health in 1987.
In 1986, after passing my quali-
fying examinations in the Bio-
statistics Department and then
the Epidemiology Department,
I was exploring ideas for a dis-
sertation topic that satisfied the
requirements of both de-
partments. I met with Walter
Willett, MD,DrPH, fromwhom
I had taken a course on nutri-
tional epidemiology that I found
very interesting. He suggested
measurement error. The sug-
gestion instantly resonated—I
never considered anything else.
This led to a more than 25-year
career of independent statistical
research on the development of
methods for the design and
analysis of epidemiological

studies with correction for
bias attributable to exposure
measurement error and
misclassification.

As taught in modern epide-
miology,1 the three major sour-
ces of bias in observational
research are confounding, in-
formation bias, and selection bias.
Epidemiological methods focus
on approaches for reducing, if not
eliminating, them. Blair et al.
wrote in 2007,

We believe of the two of the
major methodological issues
raised in epidemiologic studies of
occupational exposures, that
is, confounding and exposure
misclassification, the latter is of
far greater concern.2(p205)

They continued,

It is rare to find substantial
confounding in occupational studies
(or in other epidemiologic studies
for that matter), even by risk factors
that are strongly related to the
outcome of interest. On the other
hand, exposure misclassification
probably occurs in nearly every
epidemiologic study.2(p205)

Reviews of the effects of ex-
posure measurement error and
the numerous methods that have

been proposed to correct for
biases that result when exposure
measurement error is present
have been published.3

There have been many the-
oretical investigations of the ef-
fects of measurement error on
point and interval estimates of
exposure–disease associations,
especially focused upon the
widespread and profound pres-
ence of exposure measurement
error and misclassification in
environmental and nutritional
epidemiology.4 Nevertheless,
until the early 1990s, few original
scientific publications made use
of methods for empirical cor-
rection of bias attributable to
exposure measurement error in
epidemiology. In fact, the NHS
and some of its principal scientific
investigators, including Walter
Willett, Bernard Rosner, and
myself, played a pivotal role in
the development and widespread
adoption of these methods and
the further growth of this statis-
tical field.

In Appendix A (available as
a supplement to the online ver-
sion of this article at http://www.
ajph.org), I list additional refer-
ences for each of the topics
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discussed in this article for readers
interested in exploring them in
more depth.

EXPOSURE
MEASUREMENT
ERROR CORRECTION

After I chose measurement
error as the focus of my thesis
research,Willett askedme to take
a look at a paper he and Rosner
had submitted to, and that had
been rejected by a leading epi-
demiology journal that proposed
a simple, intuitive method for
correcting for bias attributable to
measurement error in logistic
regression. Willett had become
intensely interested in the topic of
measurement error in nutritional
epidemiology in response, in
part, to the claim that the reason
the NHS failed to find an asso-
ciation between dietary fat intake
and breast cancer, as was sug-
gested in 1975 by international
ecologic correlation data,5 was
because of the measurement er-
ror in the ascertainment of dietary
fat intake.6 The NHS used, and
still uses, food frequency ques-
tionnaires (FFQs) to track dietary
intake over time among themore
than 100 000 participants every
four years. With my dual training
in epidemiology and biostatistics,
I was able to provide theoretical
justification for the method and
conducted an extensive simula-
tion study that demonstrated its
excellentfinite sample properties,
and the article was published.7

The FFQ has been validated
on the basis of several weighed
dietary records. Z stands for the
nutrient (e.g., fat) or the food
item (e.g., meat) measured with
the FFQ and X for the same
nutrient or food item measured
with the dietary records. When
it is reasonable to model the
conditional mean for the true

exposure, denoted by X, given
the surrogate, denoted by Z, by
a linear model, that is

ð1Þ E X jZð Þ ¼ c0 þ c1Z;

then the estimated coefficient for
the effect of the exposure on the
outcome from the logistic model
b1 (i.e., the log relative risk of
disease in relation to the nutrient
or food intake),

ð2Þ logit Pr D ¼ 1ð Þ½ � ¼ b0 þ b1Z;

can be corrected for bias attrib-
utable to exposure measurement
error by

ð3Þ b̂*1 ¼
b̂1
ĉ1

:

Because c1 is usually less than 1,
measurement error correction
usually de-attenuates the log
relative risk, b̂1.

Subsequently, we and
others8,9 presented fully multi-
variate versions of this method,
which has become known as the
regression calibration method. The
method permits approximately
unbiased point and interval esti-
mates of effect from linear, Cox,
and logistic regression models
when the usual methods of ex-
posure assessment can be vali-
dated against an unbiased but
possibly imperfect gold stan-
dard10 in a subsample, which can
be within the original main study
or outside it. This method has
been used in hundreds of original
scientific publications (see Ap-
pendix B, available as a supple-
ment to the online version of this
article at http://www.ajph.org).
One reason these methods have
beenwidely used is because of the
availability of publicly available,
user-friendly software (see
http://www.hsph.harvard.edu/
donna-spiegelman/software).

EXTENSIONS
MOTIVATED BY
THE NHS

Concerns were raised about
the validity of the assumptions
made by the original regression
calibration method. Of particular
concern was the “correlated er-
rors” problem, which may result
when one self-reported measure
is used to validate another.11 For
example, study participants who
believe that higher dietary fat
intake is unhealthy may un-
derreport higher-fat foods on
both the FFQ and their weighed
diet records. This led to a series of
articles by myself, Rosner and
Willett, and other colleagues
proposing augmented study de-
signs and extensions to the
original method to address these
concerns.12 Even Rosner’s
daughter, Sarah Rosner Preis,
ScD, MPH, now an assistant
professor of biostatistics at the
Boston University School of
Public Health, got involved.13

For example, polyunsaturated
fat intake (% of total energy in-
take) has been found in NHS to
be protective against diabetes
risk.14 In analysis uncorrected for
measurement error in poly-
unsaturated fat intake, the relative
risk (RR) was 0.74 (95% confi-
dence interval [CI] = 0.66, 0.84)
for a 12% increase in percentage
of calories from polyunsaturated
fat, corresponding to an increase
from the 10th to 90th percentile
of the distribution in the cohort.
When possible correlated errors
between the FFQ and the four
one-week weighed food records
used to validate it were ignored,
the standard measurement error
approach gave an RR of 0.45
(95% CI= 0.28, 0.72) for the
same change in intake, and the
extended method taking corre-
lated errors into account gave
a very similar result, RR=0.42
(95%CI= 0.27, 0.64), suggesting

that the correlated errors problem
may be less of a concern than had
been suggested.

Further extensions to re-
gression calibration have been
developed to take advantage of
the unbiased estimates of the
exposure effect available in vali-
dation studies with sufficient
outcome data; situations inwhich
the exposure distribution is
highly skewed, as often occurs
with micronutrient data and
many environmental exposures,
leading to heteroscedasticity in
the measurement error model
variance; cases in which there are
multiple surrogates for the same
underlying exposure of interest,
as commonly arises in environ-
mental health studies; and for
studies in which continuous ex-
posures and mismeasured and
categorical exposures are mis-
classified (Appendix A).

FOOD FREQUENCY
QUESTIONNAIRE
VALIDATION STUDIES

To empirically adjust point
and interval estimates for mea-
surement error, validation and
reliability studies are needed;
otherwise, it is impossible to fit
Equation 1 to estimate c1 and
perform the correction. Chapter
6 of Willett’s textbook, Nutri-
tional Epidemiology15 cites ap-
proximately 200 or more
validation and reliability studies
from around the world that
quantitatively assess the extent of
error in a wide range of self-
reported and measured variables
relevant to epidemiological re-
search, including foods, nutri-
ents, physical activity, serum
hormones, and many others.
Statisticians, myself included,
have developed methods to
guide the design of these studies;
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in fact, one of my four thesis
articles addressed this topic.16

Most recently, NHS in-
vestigators have completed the
Women’s Lifestyle Validation
Study, which includes measure-
ments of multiple types of
repeated objective and self-
reported dietary and physical
activity assessments, from nearly
800 women, all of whom are
members of NHS I or NHS II.
This validation study will clarify
the validity of total energy intake,
protein intake, protein density,
sodium intake, potassium intake,
and physical activity as measured
by FFQs, diet records, and 24-
hour online recalls, by compari-
son with unbiased biomarkers.
By using new methods de-
veloped by our group,17 it will
soon be possible to estimate the
correlations between the errors in
sets of self-reported measures and
to assess the validity of new
technology, such as accel-
erometry, for assessing physical
activity.

MISCLASSIFICATION
CORRECTIONS FOR
SURVIVAL DATA

Although much of the initial
methodological work in the ep-
idemiology and biostatistics lit-
erature has focused on correction
for bias attributable to measure-
ment error and misclassification
in two-by-two tables, logistic
regression, and generalized linear
models, in fact, for the past 20
years or more, the primary ana-
lytic model used in NHS is the
Cox regressionmodel for survival
analysis. This model estimates
incidence rate ratios (often
termed hazard ratios in the sta-
tistical literature) and has the at-
tractive feature that it makes no
assumptions about the shape of
the incidence rate curve as it

changes over “time,” typically
age in the chronic disease epi-
demiology focus of NHS. In
addition, the Cox model is well
suited for several additional sa-
lient features of NHS: it readily
allows for staggered entry of
participants into the cohort
according to their age at enroll-
ment in 1976, ranging from 29 to
55 years, and it naturally allows
for updating of diet every four
years and two years for nearly
everything else. Although loss to
follow-up is rare given the high
follow-up rates of the participants
even 40 years past enrollment,
the Cox model also seamlessly
incorporates this feature.

With recent interest in factors
promoting healthy aging, espe-
cially following cancer diagnoses,
the ability of the Cox model to
validly estimate rate ratios in the
presence of high mortality from
the cause of interest as well as
other causes has become a more
important advantage.Morework
was thus needed to develop
methods for bias correction at-
tributable to measurement error
and misclassification appropriate
for such censored survival settings
with time-varying covariates.
After laying down some foun-
dations in early work by myself
et al. at Harvard9 and, separately,
at the Fred Hutchinson Cancer
Research Center for survival data
analysis with baseline covariates
only,18 we drilled down to the
problems most relevant to NHS,
first addressing bias correction
methods for simple time-varying
covariates.19 Now, in our most
recent work, we have addressed
methods for mismeasured time-
varying exposure metrics that are
functions of the entire mis-
measured exposure history,20

such as the cumulatively updated
average, the primary exposure
variable in most NHS dietary
analyses. By using these methods,
a recent article revised estimates

of the impact of the air pollutant,
particulate matter with a di-
ameter smaller than 2.5 microns
(PM2.5), on all-cause mortality
in NHS, finding a nearly double
relative risk estimate after mea-
surement error correction.21 As
always, publicly available, user-
friendly software is available that
implements this method for cu-
mulatively updated averages,
cumulative totals, simple updates,
and baseline covariates (https://
www.hsph.harvard.edu/donna-
spiegelman/software/rrc-
macro).

What does the future hold for
further advances in the de-
velopment of methods to address
exposure measurement error in
the NHS? We are looking at is-
sues arising in life-course epide-
miology for the estimation of the
start and end of time windows of
susceptibility in the presence of
exposure measurement error, for
adjusting the population attrib-
utable risk for exposure mis-
classification, and there will be
more to come.

RELEVANCE TO
PUBLIC HEALTH
INTERVENTIONS

Bringing it back home, so to
speak, I conclude with some re-
marks about the relevance of
methods for the correction of bias
attributable to measurement er-
ror andmisclassification that have
arisen out of the NHS to
implementation science and the
evaluation of large-scale public
health interventions. For exam-
ple, in evaluations of randomized
interventions under the intent-
to-treat principle, exposure mis-
classification is eliminated by
design. However, even in ran-
domized evaluations, when ad-
herence, fidelity, and compliance
are to be accounted for or are of

interest, as they typically are,
much of the methodology de-
scribed previously is useful. As
always, empirical validation of
the measures of adherence, fi-
delity, and compliance in a sub-
sample is required. Examples of
such applications need to be
developed and published.

Next, in cluster-randomized
and observational interventions,
as discussed in previous columns
in this series, confounding is al-
ways a concern. In interventions
at scale, typically making use of
routine administrative records in
place of often prohibitively costly
research-quality data collection
procedures, mismeasurement of
confounders will lead to residual
confounding of the intervention
effect if bias correction methods
as described previously are not
applied. Again, empirical valida-
tion of the extent of error in the
key confounders is required in
a subsample, and in many situa-
tions, external validation data
from elsewhere may be reason-
ably be considered transportable,
making it possible to produce
less-biased results than if con-
founder measurement error were
ignored.

At least one other potential
application of methods for bias
correction attributable to mis-
classification and measurement
error in implementation science
and related disciplines concerns
outcome misclassification in
the “big data” setting of in-
vestigations nested within large
administrative public health
databases—for example, in com-
parative effectiveness research.
Here, the “phenotypes” are
created through a complex pro-
cess making use of International
Classification of Diseases codes,
natural language processing22 of
textual information notated by
the providers, pharmacy records,
and other sources. These phe-
notypic algorithms may be
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subject to substantial mis-
classification. For example, al-
gorithms for identifying the
diabetes “phenotype” within
electronic medical records have
been reported to have quite
a large amount of uncertainty.23

The resulting misclassification,
usually of the outcomes in sub-
sequent electronic medical
records–based analysis, will lead
to substantial bias in effect esti-
mates,24 unless the definitions are
validated and the validation data
are used for bias correction.25

The past 40 years of the NHS
have stimulated an abundance of
methodological research, mostly,
but not exclusively, in the area of
bias correction for exposure
measurement error and mis-
classification. Attributable in
large part to the public availability
of user-friendly software, the
methodology has been used by
epidemiological investigators
around the world. The methods
have a number of potentially
important applications in imple-
mentation science, comparative
effectiveness research, and impact
and program evaluations, and
it is my hope that they will
increasingly be applied in these
areas. As always, to use these
methods, key mismeasured
variables must be empirically
validated in relatively small
subsamples internal or external to
the primary data source.
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EDITOR’S NOTE
Because of space restrictions and
the large volume of references
relevant to the Nurses’ Health
Study, additional references are
provided in a supplement to the
online version of this article at
http://www.ajph.org.
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