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Prentice and Huang (2018) provide an interesting
review of the current and future challenges facing the
field of nutritional epidemiology. We fully concur with
their stress on the importance of statistical concepts and
methods in meeting these challenges. We welcome the
opportunity here to expand in two directions on the
approaches suggested in their review: first, to show that
in implementing their approach extra statistical steps
may be required; and second to highlight some dangers
of misuse of the estimator, x̃(t), of true dietary intake
that is central to their approach.

In their development, the authors postulate the avail-
ability in their cohort study of the following informa-
tion: a self-report assessment of the dietary intake of
interest, q(t); personal characteristics, v(t), relevant to
the self-reported dietary intake and the disease out-
come, and in a sub-sample biomarker measurements,
w(t), that measure the dietary intake in an unbiased
manner with independent errors. From these elements,
they construct a variable x̃(t) that measures x(t) with
Berkson error, and that may consequently be used to
relate dietary intake to disease outcome in a Cox regres-
sion model.

The question we raise is ‘what is the nature of the
biomarker measurements w(t)?’. One may consider
three classes of such biomarkers.

The first class contains the recovery biomarkers, bio-
logical products that derive from a relatively simple
metabolic process that leads to a direct and very close
correspondence to the dietary intake. There are only
a few such biomarkers available and these measure
energy, protein, potassium, and sodium intakes, but
their use in Prentice and Huang’s approach is straight-
forward.

The second class contains the biomarkers (e.g.,
metabolites) that are developed from human feeding
studies, in which volunteers are fed specified diets over
a period of several weeks, and markers, denoted by
vectorm, measured in biological samples from the vol-
unteers, are then determined. These markers are then

related to the known intakes of specific foods or nutri-
ents in an equation x = f (m)+ e, where x is the known
intake of the food or nutrient of interest, f is some
mathematical function of the vector m and e is error
independent of f (m). The new problem that now arises
is that f (m) does not have the desirable statistical prop-
erty enjoyed by Prentice and Huang’s w(t), namely
that w(t) = x(t)+ e(t), where e(t) is independent of
x(t). Therefore, a further statistical step is required to
find a function of m that indeed has this property. If
x and f (m) were joint normally distributed, this step
would be achieved by the simple device of inverting
the regression to be of the form f (m) = a0 + a1x + e∗,
where e* is error independent of x, and then using
g(m) = f (m) − a0/a1 as the biomarker measure for x.
In practice, one may need to work with mathemati-
cally transformed values of x to approximate the joint
normality assumption. See Tasevska et al. (2011) for a
similar approach to creating a biomarker measure with
the desired statistical properties.

A third class of biomarkers is the creation of a
biomarker signature for a specific dietary pattern. A
metabolite profile is one such example of this type of
biomarker. Biomarkers of dietary patterns offer unique
statistical challenges (Carroll, 2014) and very little
methodologic work has yet been done in this area.
Guasch-Ferré, Bhupathiraju, and Hu (2018) review
efforts to develop such signatures from metabolomics
profile data for vegetarian, Western, Mediterranean,
and Nordic dietary patterns among others. Prentice
and Huang rightfully acknowledge both the promise
of such approaches and the need for innovations in
statistical methodology to better handle the complex
measurement properties of these data. The challenges
of intra- and inter-person variability of these markers
(Ala-Korpela, 2018; Guasch-Ferré et al., 2018; John-
son & Gonzalez, 2012), the many host and envi-
ronmental factors, including age, genetic factors, dis-
ease, drugs, diet, lifestyle, and environment factors
(Guasch-Ferré et al., 2018; Johnson & Gonzalez, 2012)
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that contribute to such variability, and the technolog-
ical details of the assay, such as compartment (e.g.,
urine or plasma), assay platform, sample processing,
and data pre-preprocessing steps (e.g., normalization)
(Ala-Korpela, 2018; Guasch-Ferré et al., 2018; John-
son & Gonzalez, 2012) all need to be considered. It is
perhaps not surprising that, to date, efforts to create sig-
natures have suffered from lack of reproducibility (Ala-
Korpela, 2018). Statistical innovation, and transparent
reporting of all steps of the sample processing and data
analysis, following such standards as TRIPOD (Moons
et al., 2015), will likely be needed for these biomark-
ers to succeed as reliable and reproducible measures of
dietary intake.

Prentice and Huang’s idea of constructing a bio-
marker calibrated estimate of x(t), the variable they
denote by x̃(t) is very attractive operationally, because
it may be used in Cox regression analyses to unbiasedly
estimate the association of dietary intake with disease
outcome. It is also conceptually attractive, because it
may be thought of as an estimate of an individual’s
‘usual’ intake of the food or nutrient of interest. How-
ever, this conceptual attractiveness is partially illusory
and can lure the unwary into any of several traps. We
mention a few such traps here. As mentioned earlier,
x̃(t) measures x(t) with Berkson error. Because Berk-
son error in explanatory variables does not cause bias in
the estimation of the coefficients of a regression model,
epidemiologists and statisticians alike have come to
think of this type of error as ‘harmless’. Consequently,
it has become quite common to encounter investiga-
tors treating x̃(t) as if it were really x(t) in contexts
outside of the regression problem for which x̃(t) was
constructed.

A case in point is Prentice and Huang’s example of
simply categorising x̃(t) and entering the dummy vari-
ables for the categories as explanatory variables in a
Cox regression. They show in a simulation that this
yields biased estimates of the relative risks between cat-
egories of x(t). This has also been reported by Keogh,
Strawbridge, and White (2012), who observe that, in
the simplest case of linear regression calibration and no
covariates, x̃(t) is a simple linear function of q(t), so
that the ordered categories of x̃(t) and q(t) are identi-
cal, leading to identical biased estimates of relative risk
between the categories.

To give another example,x̃(t) has been used to esti-
mate the population distribution of x(t) without adjust-
ment for its Berkson error.Distributions thus calculated
severely underestimate the spread of the distribution,
and thus lead to biased estimation of the percentiles,
especially in the tails.

In other examples, x̃(t) has been used as the out-
come variable in a new regression model. Imagine
that one has constructed a calibration equation for
usual protein intake, and one now wishes to know
which personal characteristics are associated with high

protein intake. Regressing x̃(t) on personal characteris-
tics yields biased estimates of the regression coefficients
that would be obtained from a regression of x(t) on
those personal characteristics, the bias being caused by
the Berkson error in x̃(t) (Hyslop & Imbens, 2001).

It is, therefore, important that statisticians involved
in the construction of such calibration or prediction
equations provide clear advice to other researchers on
the proper use of such equations and adequate warn-
ing regarding their misuse. Prentice and Huang have
described here a powerful approach to improving the
methodology of nutritional epidemiology studies, for
which they should be thanked. However, as with all
powerful approaches, we need to ensure that it is used
appropriately.

Disclosure statement

No potential conflict of interest was reported by the authors.

Notes on contributors

Laurence S. Freedman, a professor of biostatistics, hasworked
for more than 45 years on applying statistics to the study of
public health andmedicine. His principal areas of application
have been nutrition and chronic disease and clinical trials
methodology. Recently, he has headed the Validation Studies
Pooling Project and the Task Group on Measurement Error
and Misclassification of the STRATOS initiative.

Pamela A. Shaw is an Associate Professor of Biostatistics
at the University of Pennsylvania. Her statistical research
interests include clinical trial design and methodology to
address covariate and outcome measurement error. She has
a particular interest in infectious disease, behavioral inter-
vention studies, and the use of biomarker studies to calibrate
self-reported nutritional intake and physical activity.

References

Ala-Korpela, M. (2018). Objective metabolomics research.
Clinical Chemistry, 64(1), 30–33.

Carroll, R. J. (2014). Estimating the distribution of dietary
consumption patterns. Statistical Science, 29(1), 2–8.

Guasch-Ferré, M., Bhupathiraju, S. N., & Hu, F. B. (2018).
Use of metabolomics in improving assessment of dietary
intake. Clinical Chemistry, 64(1), 82–98.

Hyslop, D., & Imbens, G. (2001). Bias from classical and
other forms of measurement error. Journal of Business &
Economic Statistics, 19, 475–481.

Johnson, C. H., & Gonzalez, F. J. (2012). Challenges and
opportunities of metabolomics. Journal of Cellular Physi-
ology, 227(8), 2975–2981.

Keogh, R. H., Strawbridge, A. D., &White, I. (2012). Correct-
ing for bias due tomisclassification when error-prone con-
tinuous exposures are misclassified. Epidemiologic Meth-
ods, 1(1), Article 9.

Moons, K. G. M., Altman, D. G., Reitsma, J. B., Ioannidis,
J. P. A., Macaskill, P., Steyerberg, E. W., . . . Collins, G. S.
(2015). Transparent reporting of amultivariable prediction
model for individual prognosis or diagnosis (TRIPOD):
explanation and elaboration. Annals of Internal Medicine,
162(1), W1–73.



STATISTICAL THEORY AND RELATED FIELDS 13

Prentice, R. L., & Huang, Y. (2018). Nutritional epi-
demiology methods and related statistical challenges
and opportunities. Statistical Theory and Related Fields.
Advance online publication. doi:10.1080/24754269.2018.
1466098

Tasevska, N., Midthune, D., Potischman, N., Subar, A. F.,
Cross, A. J., Bingham, S. A., . . . Kipnis, V. (2011). Use of

the predictive sugars biomarker to evaluate self-reported
total sugars intake in the observing protein and energy
nutrition (OPEN) study. Cancer Epidemiology Biomarkers
and Prevention, 20(3), 490–500.

https://doi.org/10.1080/24754269.2018.1466098
https://doi.org/10.1080/24754269.2018.1466098

	Disclosure statement
	Notes on contributors
	References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile ()
  /CalRGBProfile (Adobe RGB \0501998\051)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings false
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.90
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.90
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 300
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU ()
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [595.276 841.890]
>> setpagedevice


