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BSTRACT
lthough 24-hour recalls are frequently used in dietary
ssessment, intake on a single day is a poor estimator of
ong-term usual intake. Statistical modeling mitigates
his limitation more effectively than averaging multiple
4-hour recalls per respondent. In this article, we de-
cribe the statistical theory that underlies the four major
odeling methods developed to date, then review the

trengths and limitations of each method. We focus on the
roblem of estimating the distribution of usual intake for
population from 24-hour recall data, giving special at-

ention to the problems inherent in modeling usual in-
ake for foods or food groups that a proportion of the
opulation does not consume every day (ie, episodically
onsumed foods). All four statistical methods share a
ommon framework. Differences between the methods
rise from different assumptions about the measurement
haracteristics of 24-hour recalls and from the fact that
ore recently developed methods build upon their prede-

essor(s). These differences can result in estimated usual
ntake distributions that differ from one another. We also
emonstrate the need for an improved method for esti-
ating usual intake distributions for episodically con-

umed foods.
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common purpose of dietary assessment is to evalu-
ate the dietary intake of a group or population in
relation to some standard, with respect to both nu-

rient adequacy and the prevention of chronic disease.
tandards for nutrient adequacy have changed in recent
ears, moving beyond the Recommended Dietary Allow-
nces to include several types of Dietary Reference In-
akes (1). Recommendations for food intake include those
ound in the Dietary Guidelines for Americans 2005 (2)
nd in Tracking Healthy People 2010, a statement of
ational health goals and objectives (3).
For simplicity in consumer communication, food intake

ecommendations intended to achieve nutrient adequacy
nd promote health are often expressed in terms of daily
argets (4). However, because nutrients can be stored in
he body and because dietary intake varies from day to
ay, it is both unnecessary and impractical to achieve
hose targets every day (2,3). Therefore, a key concept in
ssessing adherence to such recommendations is usual
ntake, which is defined as long-run average intake (1).

Food frequency questionnaires (FFQs) and 24-hour re-
alls are two of the major dietary data collection instru-
ents. The 24-hour recall has been the primary instru-
ent used in surveillance, and the FFQ has been the

rimary instrument used in epidemiology. FFQs are de-
igned to measure long-term behavior and are relatively
nexpensive to field compared to 24-hour recalls. How-
ver, FFQs are limited to a finite list of foods and are
ampered by the inability of individuals to accurately
eport their food intake retrospectively over a long period
f time. Both of these shortcomings introduce substantial
rror into usual intake estimates based on FFQs (5-8).
In contrast, 24-hour recalls provide rich detail about

he types and amounts of foods consumed. By focusing on
single day, the magnitude of systematic errors on 24-

our recalls is reduced. However, individual diets can
ary greatly from day to day. In addition, measurement
rrors plague 24-hour recalls and are compounded by
rror resulting from the use of standardized recipe files
nd food composition databases. All of these factors con-
ribute to considerable within-person variability, ensur-
ng that measured intake on a single day is a poor esti-

ator of long-term intake (9,10). Early attempts to
ompensate for this limitation by averaging multiple (two
o seven) 24-hour recalls per respondent were deemed
nsatisfactory due to high respondent burden and low
uality of reported information. Moreover, averages over
small number of days do not adequately represent in-

ividual usual intakes. Thus, more sophisticated meth-

ds based on statistical modeling evolved (11).

© 2006 by the American Dietetic Association
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Our research focused on the problem of using 24-hour
ecall data to estimate the distribution of usual intake in
population. We reviewed the four major statistical mod-

ling methods developed to date. All four methods are
ased on a common framework, but differ in assumptions
ade about the measurement characteristics of 24-hour

ecalls and in statistical complexity.
We begin by explaining why simple approaches to es-

imating usual intake are unsatisfactory. Next, we de-
cribe the common framework and provide a rudimentary
ethod that illustrates it. We then describe how each of

he four major methods builds on the common framework
nd highlight each method’s strengths and weaknesses.
e give special attention to the fourth method, which

ddresses problems inherent in modeling usual intake of
oods or food groups that are not typically consumed
very day. In the Discussion, we demonstrate the need for
n improved method that will allow estimation of usual
ntake distributions for these episodically consumed
oods. This article serves as background for two compan-

igure 1. Comparison of estimated distributions for intake of total frui
ne 24-hour recall per respondent (broken line), on within-person me
espondent, using a statistical model. The dashed vertical line marks t
arks the mean of the other two distributions. The percent of the popul

nder each curve to the left of 1. Adapted with permission from refer
on articles (12,13). f
EVIEW OF STATISTICAL METHODOLOGY
hy Simple Approaches to Estimating Usual Intake Are
nsatisfactory
hen researchers in the nutrition community recognized

hat a single day’s reported intake poorly reflected usual
ntake (14,15), their first solution was to measure several
ingle-day intakes for each respondent with 24-hour re-
alls and average the observations. The empirical distri-
ution of these within-person means was used to estimate
he distribution of usual intake for a population. How-
ver, for many dietary components of interest, the mean
f any financially and operationally feasible number of
4-hour recalls for an individual still contains consider-
ble within-person variation. Thus, the distribution of
ithin-person means has a larger variance than the true
sual intake distribution, leading to a biased estimate of
he fraction of the population with usual intake above or
elow some standard. The degree of bias decreases for
tandards that are closer to the population mean intake.
hese potential biases are illustrated in Figure 1, taken

vegetables in the US population for the period 1994-1996, based on
f two 24-hour recalls (dashed line), and on two 24-hour recalls per
ean of the distribution of within-person means. The solid vertical line
with intake �1 serving is estimated by the crosshatched/shaded areas
16.
ts and
ans o
he m
ation
rom Guenther and colleagues (16). Figure 1 compares
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stimated distributions of intake of total fruits and veg-
tables in the US population for the period 1994-1996,
ased on one 24-hour recall per respondent (broken line),
n the within-person means of two 24-hour recalls
dashed line), and on two 24-hour recalls using a statis-
ical model. The dashed vertical line marks the mean of
he distribution of within-person means. The solid verti-
al line marks the mean of the other two distributions.

As expected, the area under each curve to the left of
—estimating the percent of the population with a usual
ntake of fewer than five servings per day—is approxi-

ately 40% for all three distributions. However evalua-
ion of dietary adequacy often involves standards that fall
n the tails of the intake distribution (17), where the
iases can be substantial. For example, the percent of the
opulation with a usual intake of less than one serving
er day is estimated to be 9.3%, 3.6%, and 0.4%, for the
-day distribution, the within-person means distribution,
nd the usual intake distribution, respectively (16).

he Common Framework of Statistical Models Based on
4-Hour Recalls
tatistical modeling mitigates some of the limitations of
4-hour recalls by analytically estimating and removing
he effects of within-person variation in dietary intake.
ach method described in the following sections performs

he same sequence of steps: Step 1: Describe the as-
umed relationship between individual 24-hour recall
easurements and individual usual intake; Step 2: Par-

ition the total variation in 24-hour recall measurements
nto within- and between-person components; and Step 3:
stimate the usual intake distribution accounting for
ithin-person variation.
Different assumptions about the measurement charac-

eristics of a 24-hour recall lead to differences in the
ethods, primarily in Steps 1 and 3. The more complex
ethods include Step 0, in which initial adjustments are
ade to observed 24-hour recalls. In what follows, we

llustrate the statistical motivation for each step as we
evelop a rudimentary method for estimating the usual
ntake distribution.

tep 1: Describe the Assumed Relationship between Individual
4-Hour Recall Measurements and Individual Usual Intake
he usual assumption is that 24-hour recall intake is an
nbiased estimator of usual intake. Lack of bias does not

mply lack of error—it means that a particular 24-hour
ecall may over- or underestimate an individual’s true
sual intake, but over repeat applications to the same

ndividual, the estimation errors cancel out. This as-
umption is equivalent to the assumption that a 24-hour
ecall is unbiased for true single-day intake.

tep 2: Partition the Total Variation in 24-Hour Recall
easurements into Within- and Between-Person Components

ndividual usual intakes may be expressed as the sum of
he group’s mean usual intake and person-specific devia-
ions from the group mean; these deviations (in paren-

heses below) represent between-person variation: e

642 October 2006 Volume 106 Number 10
�I� individual usual intake � group mean usual intake

� �individual usual intake

� group mean usual intake�.

Each 24-hour recall may be expressed as:

�II� 24-hour recall intake � group mean usual intake

� (individual usual intake

� group mean usual intake)

� (24-hour recall intake

� individual usual intake),

here the third term represents within-person variation.
arameters of the model [II] are estimated using stan-
ard methods. Estimation of the within-person variance
equires replicated measurements, so at least some indi-
iduals must provide two or more 24-hour recalls.

tep 3: Estimate the Usual Intake Distribution Accounting for
ithin-Person Variation

f the within-person variance is �w
2, then the variance of

he average of n independent 24-hour recall intakes for
n individual is �w

2/n. If the between-individual variance
ie, the variance of the usual intake distribution) is �b

2, it
ollows that the empirical distribution of within-person
eans has variance �b

2 � �w
2/n. A set of intermediary

alues with the desired variance �b
2 is constructed by

hrinking each individual mean toward the overall mean:

�III� intermediary value � �1 � w� � �overall mean�

� w � �individual mean�,

here w, the shrinkage factor, is the square root of the
atio of the between-person variance to the variance of
he within-person means distribution:

�IV� w �� �b
2

�b
2 � �w

2 ⁄ n
.

y construction, the empirical distribution of the inter-
ediary values has a mean equal to the overall 24-hour

ecall mean. The percentage of the group with intake less
han some threshold value, such as a dietary standard, is
stimated by the percentage of the intermediary values
hat are less than the threshold value. Although the
ntermediary values [III] are based on individual means,
hey are not suitable estimates of individual usual intake;
heir purpose is solely to describe the distribution of
sual intake. Alternative methodologies have been devel-
ped to produce appropriate estimates of individual usual
ntake.

Equations [III] and [IV] show that when the between-
erson variation is small or when n is small, w is close to
ero, and each intermediary value is close to the overall
ean. When the within-person variation is small or when
is large, w is close to one, and the intermediary values

re close to the individual means.

he Consequences of Routine Use of Transformations
he rudimentary method described above requires the

ntire set of intermediary values to describe the esti-
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ated usual intake distribution. In some cases, the de-
cription can be simplified. For example, if the within-
nd between-person deviations are normally distributed,
hen so is the usual intake distribution, which is then
escribed solely by its mean and variance.
Such cases are rare, in part because intake (usual or on
single day) is by definition non-negative. Some individ-
als can have usual intakes more than twice the group
sual intake, but no individuals can have usual intake
qually far below the group usual intake. Similarly, the
agnitude of deviations from intakes that exceed an in-

ividual’s usual intake may be larger than those devia-
ions from intakes that fall short. Thus, observed intake
istributions tend to be right-skewed (having a small
umber of very large values) instead of exhibiting a nor-
al distribution’s symmetry about its mean.
To reconcile the desire to use the statistical properties

f the normal distribution with the need to model inher-
ntly non-normal data, statisticians often assume that a
ormal distribution approximates the distribution of a
nonlinear) transformation of the observed data, rather
han the observed data themselves. For example, if the
ata have a highly skewed distribution, then the distri-
ution obtained by taking the logarithm of each observa-
ion may be symmetric, and therefore be better approxi-
ated by a normal distribution. In this example, we say

hat the data have been transformed to the log scale. For
ess-skewed data, weaker transformations, such as the
quare root and cube root, are often sufficient to achieve
pproximate normality. If a particular transformation
roduces normally distributed data, the distribution of
ntransformed data can be described in terms of the
ormal distribution and the transformation. This fact is
rucial when estimating usual intake distributions be-
ause standards by which intake are to be assessed are
xpressed in units on the scale of untransformed intake;
or example, in grams rather than in the square root of
rams.
The expression that relates values in the transformed

cale to usual intake in the original scale is called the
ack-transformation. The form of the back-transforma-
ion depends on the assumptions about the 24-hour recall
s an assessment instrument; one must assume that a
4-hour recall measurement is unbiased for usual intake
n a particular scale. The methods we discuss assume
ither that transformed 24-hour recall intake is an unbi-
sed estimator of transformed usual intake (Assumption
), or that 24-hour recall intake is an unbiased estimator
f usual intake in the untransformed scale (Assump-
ion B).

Assumption A leads to a simple back-transformation
hat is just the inverse of the original transformation.
ssumption B follows directly from the definition of usual

ntake if within-person variation in 24-hour recalls is
olely due to day-to-day variability in diet, but in general
equires that all components of within-person variation
end to average out on the original scale. As described
ater, the back-transformation under Assumption B re-
uires an additional adjustment. Reasons to favor one
ssumption over the other are given in the Discussion.
A 1986 report by the National Research Council (18)
as groundbreaking because it was the first to suggest

pplying model [II] to 24-hour recalls to estimate distri- m
utions of usual intake. The report also described how
ransformations could be incorporated (under Assump-
ion A) into usual intake estimation. Although it did not
rovide an in-depth methodological description, the re-
ort served as the launching point for the four methods
escribed in the following sections and summarized in
igure 2.

he Institute of Medicine Method: Building on the Common
ramework
equiring the full set of intermediary values to describe

he usual intake distribution, rather than relying on a
implified parameterization, allows the rudimentary ap-
roach suggested by equations [II] through [IV] to with-
tand mild departures from normality. The desire to re-
ain this data-driven robustness, even when the
mpirical distribution of single-day intake is highly
kewed, motivated the Institute of Medicine (19) to de-
elop a detailed method that includes a power or log
ransformation as an initial adjustment to the 24-hour
ecall data. The estimation of between- and within-per-
on components of variance is carried out on the trans-
ormed scale, and intermediary values are constructed by
hrinking individual means of transformed 24-hour recall
ntakes to the overall mean of transformed 24-hour recall
ntake, then applying the inverse of the original transfor-

ation to each shrunken mean. As in the National Re-
earch Council report, the Institute of Medicine back-
ransformation is consistent with Assumption A.

he Iowa State University Method: An Extension with a Different
ssumption
usser and colleagues (20) and Guenther and colleagues

21) described a method developed at Iowa State Univer-
ity for modeling usual intake. In contrast to the National
esearch Council/Institute of Medicine methods, the

owa State University method is based on Assumption B;
hat is, a 24-hour recall is unbiased for usual intake on
he original scale rather than on the transformed scale.

hereas the Institute of Medicine method is limited to
ituations where 24-hour recalls are obtained from a sim-
le random sample of individuals, the Iowa State Univer-
ity method can also be applied to 24-hour recall data
rom complex surveys.

The Iowa State University method is based on a com-
lex model that uses a two-stage transformation to obtain
4-hour recalls that are almost exactly normally distrib-
ted. Choosing the transformation requires a fairly large
ample (in our experience, several hundred individuals,
f which at least 50 must have at least two 24-hour
ecalls). The Iowa State University method also allows
he within-person variance to vary across individuals,
eflecting the fact that some individuals may have a more
aried diet than others. The method sacrifices some ro-
ustness for this added flexibility—intermediary values
re based on theoretical quantiles from a normal distri-
ution instead of on individual means.
Under Assumption B, simply applying the inverse of

he initial transformation to intermediary values as in
he Institute of Medicine method produces a biased esti-

ate of the usual intake distribution. The back-transfor-

October 2006 ● Journal of the AMERICAN DIETETIC ASSOCIATION 1643
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NRCa/IOMb ISUc BPd ISUFe

Step 0: Apply initial data adjustments

i. Apply a power or log transformation
to observed 24-hour recalls, so that
the distribution of transformed data is
approximately normal

i. Adjust observed 24-hour recalls for
non–person-specific biases such as
season, day-of-week, and time-in-
sample effects

ii. Construct a two-stage transformation
that makes the distribution of the
transformed adjusted 24-hour recalls
look as close to normal as possible

i. Adjust observed 24-hour recalls for
non–person-specific biases such as
season, day-of-week, and time-in-
sample effects

ii. Apply a power or log transformation
to observed 24-hour recalls, so that
the distribution of transformed data is
approximately normal

i. Estimate the distribution of the probability to
consume on a given day, based on the relative
frequency of nonzero 24-hour recalls

ii. Set aside the zero 24-hour recalls and adjust the
consumption-day 24-hour recalls for non–person-
specific biases such as season, day-of-week, and
time-in-sample effects

iii. Construct a two-stage transformation that makes the
distribution of the transformed adjusted consumption-
day 24-hour recalls look as close to normal as
possible

Step 1: Describe the assumed relationship between individual 24-hour recall measurements and individual usual intake

i. A transformed 24-hour recall is
unbiased for transformed usual intake
(Assumption A)

i. A 24-hour recall is unbiased for usual
intake in the untransformed scale
(Assumption B)

i. A 24-hour recall is unbiased for usual
intake in the untransformed scale
(Assumption B)

i. Usual intake is the probability to consume on a given
day multiplied by the usual intake amount for a day
the food is consumed

ii. A 24-hour recall measures zero consumption exactly
iii. A nonzero 24-hour recall is unbiased for usual

consumption-day intake in the untransformed scale
(Assumption B)

Step 2: Partition the total variation in 24-hour recall measurements into within- and between-person components

i. Within-person variance is the same
for all individuals

i. Within-person variance can vary
among individuals

i. Within-person variance is the same
for all individuals

i. Within-person variance can vary among individuals

Step 3: Estimate the usual intake distribution accounting for within-person variation

i. Construct a set of intermediary values
that retain mean and between-person
variance of transformed 24-hour
recalls

ii. BACK-TRANSFORMATION: Apply
inverse of initial power or log
transformation to each intermediary
value

iii. The empirical distribution of back-
transformed intermediary values is
the estimated usual intake distribution

i. Construct a set of intermediary values
that retain mean and average
between-person variance of
transformed 24-hour recalls

ii. BACK-TRANSFORMATION: Using the
inverse of the initial two-stage
normality transformation in
conjunction with a bias-adjustment,
adjust each normal-scale intermediary
value to obtain its original-scale
counterpart

iii. The empirical distribution of original-
scale intermediary values is the
estimated usual intake distribution

i. Construct a set of intermediary values
that retain mean and average
between-person variance of
transformed 24-hour recalls

ii. BACK-TRANSFORMATION: Using the
inverse of the initial power or log
transformation in conjunction with a
bias-adjustment, adjust each normal-
scale intermediary value to obtain its
original-scale counterpart

iii. The empirical distribution of original-
scale intermediary values is the
estimated usual intake distribution

i. BACK-TRANSFORMATION: Using the inverse of the
initial two-stage normality transformation in
conjunction with a bias-adjustment, mathematically
describe the distribution of original-scale
consumption-day usual intake

ii. Mathematically combine the estimated consumption-
day usual intake distribution with the estimated
distribution of consumption probability to obtain a set
of intermediary values that represent usual intake,
assuming that consumption probability and
consumption-day usual intake are statistically
independent

iii. The empirical distribution of original-scale
intermediary values is the estimated usual intake
distribution

aNRC�National Research Council.
bIOM�Institute of Medicine.
cISU�Iowa State University.
dBP�Best-Power.
eISUF�Iowa State University foods.

Figure 2. Steps required for estimating distributions of usual intake using different statistical modeling methods. (Data from this figure are available online at www.adajournal.org as part
of a PowerPoint presentation featuring additional online-only content.)
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ation of the Iowa State University method incorporates
n adjustment for this bias. The Iowa State University
ethod can also account for biases due to seasonality,

ay-of-week (22), and time-in-sample (23) effects as part
f its initial adjustments. Here, time-in-sample effects
nclude the often-seen phenomenon in which the average
f the measurements for a first 24-hour recall is higher
han the average of measurements for subsequent appli-
ations of the instrument in the same group of people.
he adjustment is illustrated in Figure 1, where the
ertical line depicting the mean of the usual intake dis-
ribution (estimated by the Iowa State University
ethod) overlays the line for the mean of the distribution

f the first 24-hour recall and is to the right of the line
epicting the mean of the distribution of within-person
eans.

he Best-Power Method: A Simplification of the Iowa State
niversity Method
xtrapolating from the original National Research Coun-

il report, Nusser and colleagues (20) also proposed a
implified alternative to the Iowa State University
ethod. This so-called Best-Power method shares the

owa State University method’s applicability to complex
urveys, but uses only a one-stage power or log transfor-
ation. Moreover, it does not allow the within-person

ariance to vary across individuals. The simple form of
he Best-Power method’s initial transformation leads to a
traightforward adjustment for transformation-induced
ias. This adjustment is described in Figure 3. A simula-
ion study comparing the Iowa State University and Best-
ower methods indicated that although the Iowa State
niversity method is (statistically) uniformly superior to

he Best-Power method, the differences are very small in
ractical terms (20).

he Iowa State University Food Method: Application to
pisodically Consumed Dietary Components
he National Research Council/Institute of Medicine,
owa State University, and Best-Power methods were
eveloped to model usual intake where the distributions
f single-day intakes can be transformed (at least approx-
mately) to normality. This is the case for intake of most
utrients and for some commonly consumed food groups
uch as total fruit and vegetables (16). However, for epi-
odically consumed foods, food groups, and nutrients (eg,
roccoli, whole grains, and lycopene), it is possible to
bserve zero consumption on a particular day, even for
ndividuals who sometimes consume these foods. This
eads to distributions of observed intake with a clump of
ero observations in the left tail. Because the normal
istribution is continuous, normality is not attainable by
ransformation (which would preserve the clump).

Nusser and colleagues (24) proposed a method for mod-
ling usual food intake that explicitly accounts for the
lumping at zero. Zero observations are treated sepa-
ately from positive observations. This separation is mo-
ivated by writing the simple n-day within-person mean

s the product of two parts: m
�V�
total intake of the food

n
�

k

n
�

total intake of the food

k
,

here k is the number of days on which the food is
bserved to be consumed (consumption days). For large
alues of n, equation [V] expresses long-term average
ntake as the product of two components: the estimated
robability of consuming on a given day (k/n) multiplied
y the long-term average amount consumed on consump-
ion days (total intake of the food/k). For example, a
erson who consumes, on average, 4 oz whole grains
very other day has a usual intake of 2 oz/day.
The first step in the Iowa State University Foods
ethod is to estimate the distribution of (single-day) con-

umption probabilities in the population. For simplicity,
his distribution is modeled discretely, with possible val-
es: 0, 0.02, . . . , 0.98, 1.00. The estimated proportion of

ndividuals in the population having each value is cali-
rated to observed counts of individuals who consumed
n 0, 1, . . . , n out of n possible 24-hour recalls. When n is
mall, additional constraints are enforced to ensure a
nique estimate of the consumption probability distribu-
ion for a given set of observed counts.

Next, the distribution of usual consumption-day intake
s estimated by applying the Iowa State University

ethod (20) to the nonzero 24-hour recalls, including any
djustments for time-related biases, such as seasonality,
ay-of-week, or time-in-sample effects. Thus, the Iowa
tate University Foods method assumes that Assumption
holds for each nonzero 24-hour recall; that is, that each

4-hour recall is unbiased for usual consumption-day in-
ake in the original scale. In addition, by setting aside all
f the zero 24-hour recalls, the Iowa State University
oods method makes the implicit assumption that a 24-
our recall measures zero intake exactly—if a food is not
eported on a 24-hour recall, the food was not consumed
n that day.
Finally, the Iowa State University Foods method com-

ines the distributions of consumption probability and
sual consumption-day intake to obtain the estimated
istribution of usual intake. The combining process relies
n the assumption that usual consumption-day intake is
nrelated to consumption probability. However, Dodd
nd colleagues (25) demonstrated that the amount con-
umed on consumption days can be positively correlated
ith the probability to consume. In such cases, the Iowa
tate University Foods method may introduce bias by
verestimating the amount consumed by those with a low
robability of consumption, and underestimating the
mount consumed by those with a high probability of
onsumption.

ISCUSSION
he mean usual intake for a group may be monitored by
racking the average 24-hour recall intake from appropri-
te surveys over time (26,27). However, evaluating di-
tary adequacy in relation to recommended standards
nvolves the entire distribution of usual intake. Several
ethods (within-person means, National Research Coun-
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il/Institute of Medicine, Iowa State University, and Best-
ower) may be used to estimate this distribution for
ietary components consumed nearly every day by almost
veryone, but only two methods (within-person means
nd Iowa State University Foods method) may be used for
pisodically consumed foods. The distribution of within-
erson means is generally a poor estimator of the true

Let Tij denote the true intake for individual i on day j. By definition,
many such single-day intakes, ie:

�i�

Denote the 24-hour recall–reported intake for individual i on day j a

Rij�Tij��ij , w

Let g� be a one-to-one transformation—with inverse transformatio
for individual i on day j as

rij�

The transformation g� is such that the following normal-theory mo

rij�E[rij �i ]�{ri

where {wij }�N (0, �w
2 ) and {bi }�N (�, �b

2 ). Under Assumption A, bi�
�b

2 , and �w
2 are obtained from standard components-of-variance for

Now suppose that a 24-hour recall is unbiased for true single-day in

�i�E[Ti

and now Assumption B holds: a 24-hour recall is unbiased for true

�i�E[Rij �i ]�E[h(ri

where w symbolizes within-person variation in transformed 24-hour
h(bi ). Using an approximation to the expectation of a function of a r

E[h(b�w )�b�bi ]�h(E[b�w �b�bi ])�1⁄2h �(E[b�w �b�bi

where h �(bi ) denotes the second derivative of the function h evalua

Nusser and colleagues’ Best-Power method (20) constructs a set of
therefore the same normal distribution) as the {bi }. Therefore, the ba

�*i�h(b*i )�1⁄2h

have the property that the distribution of {�*i } is approximately the sa
[Ia] is the bias-adjustment term. The chart at the end of this text pr
transformations that are routinely used to achieve normally distribut
hour recall data is approximately normal (ie, g (R )�R1/2), the corres
of the chart. Power or Box-Cox transformations using values of 	 gr
observed 24-hour recall distributions; in such cases, the bias correc
intermediary value.

Transformation g (R )

Logarithm r�log(R )
Power r�R1/	

Box-Cox r�	(R1/	�1)

Bias-adjustment terms used in Nusser and colleagues’ Best-Power m
inverse function h(r ).

igure 3. Adjusting for transformation-induced bias in the Best-Powe
sual intake distribution because it produces inflated o
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stimates of the prevalence of inadequate or excessive
sual intake. The modeling methods (National Research
ouncil/Institute of Medicine, Iowa State University,
est-Power, and Iowa State University Foods method)
an—if assumptions are met—produce better estimates,
lthough it may be difficult to decide which method to
se. Figure 4 summarizes the strengths and weaknesses

dividual’s usual intake, denoted by �i , is the mean of infinitely

�i ].

where in general Rij may measure Tij with error �ij :

E[�ij �i ]���.

�g�1�. Denote the transformed 24-hour recall–reported intake

j ).

pplies:

ij �i ]}�bi�wij ,

), and therefore �i�h(bi ). Estimates of the unknown parameters �,
applied to the transformed 24-hour recall–reported intakes.

, ie, ���0. Then

E[Rij �i ],

intake on the original scale. Then

E[h(b�w)�b�bi ],

l–reported intake. If h is nonlinear, �i does not, in general, equal
variable (29),

b�w �b�bi ]�h(bi )�1⁄2h �(bi )Var[w ]�h(bi )�1⁄2h �(bi )�w
2 ,

t the value bi .

mediary values {b*i } that has the same mean and variance (and
ansformed intermediary values

�w
2 , [Ia]

s that of {�i }. The second term on the right-hand side of Equation
s the bias-adjustment terms corresponding to some
-hour recall data. For example, if the square root of observed 24-
ng bias adjustment is obtained by setting 	�2 in the “Power” row
than 1 are generally required to correct for the right-skewness of

erm is always positive, although it is different for each

Bias-adjustment term

p(r ) 1⁄2exp(b*i )�w
2

1⁄2	(	�1)(b*i )	�2�w
2

/	�1)	 1⁄2[(	�1)/	][b*i /	�1]	�2�w
2

d (20) for selected choices of normality transformation g (R ), with

hod for estimating usual intake distributions.
the in

E[Tij

s Rij ,

here

n h�

g (Ri

del a
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g (�i
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f each of the modeling methods. Some methods are im-



Method

NRCa/IOMb ISUc BPd ISUFe

Strengths ● Permits the use of simple
transformations to obtain
approximate normality

● Robust to mild departures from
normality

● Easy to apply to real data—SASf

code to implement the IOM
method has been published in
nutrition literature

● Can be applied to datasets from
complex surveys

● Software (SIDE, C-SIDE, PC-SIDEg)
is available to implement the ISU
method

● Software produces standard errors
for estimated parameters of usual
intake distributions

● Can apply preliminary data
adjustments for covariates such as
interview sequence or day-of-week

● Permits the use of simple
transformations to obtain
approximate normality

● Robust to mild departures from
normality

● Can be applied to datasets from
complex surveys

● Software (SIDE) is available to
implement the BP method

● Software produces standard
errors for estimated parameters
of usual intake distributions

● Can apply preliminary data
adjustments for covariates such
as interview sequence or day-
of-week

● Uses a two-part model that can be
applied to datasets with many
observed zero intakes

● Can be applied to datasets from
complex surveys

● Software (C-SIDE) is available to
implement the ISUF method

● Can apply preliminary data
adjustments for covariates such as
interview sequence or day-of-week
in one of the two parts of the
model

Weaknesses ● Implementation for datasets from
complex surveys (as in original
NRC report) is less straightforward,
not well documented

● Published SAS code does not
produce standard errors for
estimated parameters of usual
intake distributions

● Cannot adjust for the effects of
covariates such as interview
sequence or day-of-week

● Cannot be applied to datasets with
many observed zero intakes

● Adjustment for covariates is not
done in the context of a unified
model

● Complex two-stage transformations
may fail to obtain exact normality,
but the subsequent steps of the
method rely heavily on the
(unsatisfied) normality assumption

● Cannot be applied to datasets with
many observed zero intakes

● Adjustment for covariates is not
done in the context of a unified
model

● Cannot be applied to datasets
with many observed zero
intakes

● The two parts of the model are
estimated independently, ignoring
the possibility of correlation
between probability to consume
and usual amount consumed

● Adjustment for covariates is only
done for one part of the model, not
in the context of a unified model

● Complex two-stage transformations
may fail to obtain exact normality,
but the subsequent steps of the
method rely heavily on the
(unsatisfied) normality assumption

● Software does not produce
standard errors for estimated
parameters of usual intake
distributions

aNRC�National Research Council.
bIOM�Institute of Medicine.
cISU�Iowa State University.
dBP�Best-Power.
eISUF�Iowa State University Foods.
fSAS Institute Inc, Cary, NC.
gSIDE�Software for Intake Distribution Estimation (Iowa State University, Ames, IA).

Figure 4. Summary of the strengths and weaknesses of the different statistical modeling methods for estimating usual intake distributions. (Data from this figure are available online at
www.adajournal.org as part of a PowerPoint presentation featuring additional online-only content.)
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lemented only in specialized software, whereas others
ay be implemented in standard statistical software

ackages. Furthermore, obtaining standard errors of es-
imated parameters of usual intake is difficult, if not
mpossible, for certain methods. Although these practical
ifferences between the methods may play an important
ole, the remainder of this report focuses on how theoret-
cal differences between the methods may influence one’s
hoice of method.

The National Research Council, Iowa State University,
nd Best-Power methods have been applied to data from
ood consumption surveys to estimate usual nutrient in-
ake for the US population (16-18,28). The Institute of
edicine (19) recommends the use of the Iowa State
niversity method or alternatively (for small, simple ran-
om samples) their own method. However, this recom-
endation ignores the fact that the two methods make

ifferent assumptions concerning the 24-hour recall as an
ssessment instrument—whether or not a 24-hour recall
s unbiased for usual intake in the original scale (As-
umption B) vs the transformed scale (Assumption A). We
elieve a better recommendation is to consistently use
odeling methods that share Assumption B. That is,
hen estimating distributions of usual nutrient intake, to
se the Iowa State University method whenever possible
per the Institute of Medicine’s recommendation), and to
se the Best-Power method with samples that are too
mall for the full Iowa State University method. This
ecommendation also ensures that the estimate of the
roup mean usual intake coincides with the overall aver-
ge of the 24-hour recalls and is, therefore, consistent
ith the practice of tracking average intake over time.
Some evidence exists that neither Assumption A nor
ssumption B truly holds. An analysis (8) of the Observ-

ng Protein and Energy Nutrition Study investigated how
ystematic biases or random error associated with the
ssessment instrument affects the estimation of usual
ntake distributions from two FFQs or two 24-hour re-
alls, through comparison to distributions based on unbi-
sed (recovery) biomarkers for protein and energy intake.
oth instruments displayed systematic bias as well as
ithin-person variation. The 24-hour recall instrument

howed substantially smaller bias than the FFQ and
reater within-person variation. Accordingly, the distri-
utions estimated from 24-hour recalls—after adjust-
ent for within-person variation using a method similar

o that described in Figure 3—agreed with the biomar-
er-derived distributions much more closely than did the
istributions estimated from FFQs. This is demonstrated
n Figure 5. Figure 5 shows distributions of usual energy
ntake for female participants in the Observing Protein
nd Energy Nutrition study, as estimated by different
ethods and assessment instruments. The distribution of

oubly labeled water measurements, labeled Biomarker,
epresents the gold standard. The distribution labeled
FQ is based on the first FFQ measurement per respon-
ent, whereas the distribution labeled 24-hour recall-A is
stimated by the Institute of Medicine method (under
ssumption A) and the distribution labeled 24-hour re-

all-B is estimated by the Iowa State University method
under Assumption B). The adjusted back-transforma-
ions required by Assumption B shift usual intake distri-

utions estimated with either of Nusser and colleagues’ m

648 October 2006 Volume 106 Number 10
ethods (Iowa State University or Best-Power method)
o the right of distributions estimated with the Institute
f Medicine/National Research Council methods. The
mount of shift depends on both the magnitude of within-
erson variation and the normality transformation used.
Except for the small number of dietary components for
hich unbiased biomarkers have been discovered, it is

mpossible to know which of Assumptions A or B is more
ppropriate. The 24-hour recall may overestimate true
sual intake of some specific foods or food groups, but
ased on the Observing Protein and Energy Nutrition
tudy results for energy (arguably a measure of total food
ntake) we conclude that the 24-hour recall has a general
endency toward underestimation. The bias-adjustment
f the Iowa State University, Best-Power, and Iowa State
niversity Foods methods partially offsets this tendency,
aking Assumption B more attractive from a practical

tandpoint.
One limitation common to all of the methods is that

ooking for differences in usual intake between sexes or
mong age groups requires separate estimation for each
ubgroup. A more efficient approach is to model the group
eans themselves as a function of covariates so that the

erson-specific deviation is from the group mean of sim-
lar individuals. In addition to allowing statistical tests
or differences between subgroups defined by covariates
uch as age and sex, such an approach also allows the
djustment for time-related biases as part of a single,
nified model (13), rather than being a preliminary data
djustment as in the Iowa State University methods.
One of the main tasks in modeling usual intake from

4-hour recalls is to estimate within- and between-person
ariance, which requires that multiple 24-hour recalls be
vailable for at least some individuals in the sample. In
he case of the Iowa State University Foods method, the
ame number of 24-hour recalls must be available for all
ndividuals. The small number of 24-hour recalls typi-
ally available per individual poses a special problem
hen estimating usual food intake. When 2 days of data
re available, observed consumption probabilities take on
nly three values: zero, one-half, and one. Estimating a
mooth distribution of consumption probabilities from
uch discrete data can be difficult for the Iowa State
niversity Foods method. Also, respondents who truly

onsume a food regularly could still have zero consump-
ion on one or both 24-hour recalls, making it more diffi-
ult to separate within- from between-person variability
n the remaining nonzero 24-hour recalls.

Even in cases where the Iowa State University Foods
ethod can successfully estimate the distributions of con-

umption probability and usual consumption amount, the
ethod combines the two distributions assuming inde-

endence of probability and amount. This can lead to
nsatisfactory estimates of the usual intake distribution
hen the assumption does not hold. Furthermore, the

owa State University Foods method permits adjustment
or potential time-related biases only in the estimation of
he consumption-day usual intake distribution, and not
n the estimation of the consumption probability distri-
ution. This can also lead to less than satisfactory esti-

ates.
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ONCLUSIONS
odeling usual intake of episodically consumed foods

rom surveys in which a limited number of 24-hour recalls
er respondent are the primary instrument presents spe-
ial challenges. The Iowa State University Foods method
ddresses these challenges because it accounts for days
ithout consumption; accounts for consumption-day
mounts that are positively skewed, with extreme values
n the upper tail; and distinguishes within-person vari-
bility, consisting of reporting errors and day-to-day vari-
tion in intake, from between-individual variability due
o differences in usual intake.

We have identified some areas where the Iowa State
niversity Foods method could be extended and im-
roved. In addition to meeting the challenges mentioned
bove, an improved method should allow correlation be-
ween the probability of consuming a food and the
mount consumed on a consumption day and be able to
ncorporate covariate information relating to 24-hour re-
all intake, to allow efficient estimation and comparison
or subgroups.

The first of two companion articles to this one, by Subar

igure 5. Distributions of usual energy intake for female participants in
odeling methods and assessment instruments. Biomarker�the dist

tandard. FFQ�food frequency questionnaire distribution. 24-hour reca
odeled under the assumption that the respective instrument is unb

istribution is based on two 24-hour recalls per respondent and modele
ntake on the untransformed scale.
nd colleagues (12), describes the concept and develop-
ent of an FFQ designed to provide covariate informa-
ion to help explain between-person differences in con-
umption probability and its correlate, consumption-day
sual intake. The second, by Tooze and colleagues (13),
utlines an integrated modeling framework that ad-
resses all of the challenges listed here.

he authors thank Phillip S. Kott, Joseph D. Goldman,
nd Richard P. Troiano for thoughtful reviews and Anne
rown Rodgers for her expert editing assistance.
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