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BSTRACT
bjective We propose a new statistical method that uses
nformation from two 24-hour recalls to estimate usual
ntake of episodically consumed foods.
tatistical analyses performed The method developed at the
ational Cancer Institute (NCI) accommodates the large
umber of nonconsumption days that occur with foods by
eparating the probability of consumption from the con-
umption-day amount, using a two-part model. Covari-
tes, such as sex, age, race, or information from a food
requency questionnaire, may supplement the informa-
ion from two or more 24-hour recalls using correlated
ixed model regression. The model allows for correlation

etween the probability of consuming a food on a single
ay and the consumption-day amount. Percentiles of the
istribution of usual intake are computed from the esti-
ated model parameters.

esults The Eating at America’s Table Study data are
sed to illustrate the method to estimate the distribution
f usual intake for whole grains and dark-green vegeta-
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les for men and women and the distribution of usual
ntakes of whole grains by educational level among men.

simulation study indicates that the NCI method leads
o substantial improvement over existing methods for
stimating the distribution of usual intake of foods.
onclusions The NCI method provides distinct advantages
ver previously proposed methods by accounting for the
orrelation between probability of consumption and
mount consumed and by incorporating covariate infor-
ation. Researchers interested in estimating the distri-

ution of usual intakes of foods for a population or sub-
opulation are advised to work with a statistician and
ncorporate the NCI method in analyses.

Am Diet Assoc. 2006;106:1575-1587.

hen assessing dietary intake among populations
or individuals, investigators are often interested
in capturing usual intakes—ie, long-term aver-

ges. The 24-hour dietary recall provides rich details
bout dietary intake for a given day, but collecting more
han two 24-hour recalls per individual is impractical in
arge surveys such as the National Health and Nutrition
xamination Survey (NHANES). Therefore, it is neces-
ary to use statistical methods to estimate usual dietary
ntake.

Researchers are interested in estimating the usual in-
ake of foods to assess compliance with food-based dietary
ecommendations and to relate food intake to health pa-
ameters. Unlike most nutrients, which are consumed
aily, estimating usual intake of episodically consumed
oods presents unique challenges for statistical modeling.
See Figure 1 for a definition of statistical modeling and
elated terms.) These challenges are: (a) accounting for
ays without consumption of a particular food or food
roup; (b) allowing for consumption-day amount data
hat are generally positively skewed and have extreme
alues in the upper tail of the intake distribution; (c)
istinguishing within-person variability, which consists
f day-to-day variation in intake and random reporting
rrors, from between-person variation; (d) allowing for
he correlation between the probability of consuming a
ood and the consumption-day amount; and (e) relating
ovariate information (eg, sex, age, race, ethnicity, or
ducation level) to usual intake (1).
As discussed by Dodd and colleagues (1), two other

ethods have been used to estimate the distribution of
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Statistical term Definition Use in usual food intake model

Statistical Model A model is a mathematical formula used to
quantify the relationship between two or more
variables. The model is “statistical” when it
also incorporates uncertainty in the relationship
between the variables.

A statistical model is used to estimate usual
food intake and to relate it to other variables
of interest.

Two-part model Sometimes there is a need for a more complex
statistical model that includes two component
parts.

In this article, the model for food consumption
models the probability of consuming a food
as well as the usual amount consumed.

Outcome Variable The variable of interest in the analysis.
Sometimes referred to as the dependent
variable.

Usual food intake is the outcome variable for the
two-part model. It is derived as the probability
of consuming the food multiplied by the amount
consumed on a consumption day.

Covariates Variables that are related to the outcome variable.
The term “covariate” is used to describe a
general class of variables that may be of most
interest, define a subpopulation, need to be
adjusted for in the statistical analysis. Sometimes
referred to as independent variables.

Responses to line items from a food frequency
questionnaire may be used as a covariate to
improve estimation from the 24-hour recall
alone; variables such as age and race may
be used to define subpopulations for which
usual intake is estimated.

Person-specific random effect A term that is specific to an individual that refers
to how an individual’s value deviates from the
average. It is considered “random” because
the individuals in the study are considered as a
random sample from a larger population.

Both parts of the statistical model include a
person-specific random effect that describes
the individual’s frequency of consuming a
particular food and the amount consumed.

Normality Refers to a statistical distribution of a variable,
specifically a bell-shaped curve. The tails of
the normal distribution refer to the extreme
values. If the data do not follow a normal
distribution, then many commonly used
statistical methods cannot appropriately be
used. By applying a function, such as the
logarithm, data can be transformed to a more
normal distribution.

The amount part of the model is transformed to
normality (using a Box-Cox [power]
transformation). In the model, the normality
assumption must hold for the random effects
after including the covariates of interest in
the model. Including the covariates may help
to make the distribution of these random
effects more normally distributed.

Correlation If two variables are associated with each other,
they are said to be correlated. The opposite of
correlation is independence, in which a change
in one variable does not impact the value of
another variable.

In this model, there are two types of correlation.
First, the two person-specific effects are
correlated. This means that we allow the
individual’s tendency to consume a food to be
related to the amount that he or she consumes.
Second, the covariates in the model are
correlated with the outcome (food intake). For
example, persons who report a higher
frequency of intake on the food frequency
questionnaire generally have a higher probability
of consuming a food on the 24-hour recall.

Simulation Study A simulation study is a method that statisticians
use to validate their models. Many hypothetical
random samples are generated (ie, simulated),
and statistical estimates are computed for each
sample. The results are then averaged and
compared to the “truth” that was used to
generate the model.

In this paper, simulations were used to generate
365 days of pseudo-data for a series of
individuals. Then different statistical methods
to obtain estimates of the distribution of
usual intake were run using the same
generated data sets. Finally, these estimated
distributions were compared to truth.
igure 1. Definitions of common statistical terms and their use in the usual food intake model.
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sual intake of episodically consumed foods with a few
ays of 24-hour recalls: (a) the distribution of within-
erson means, and (b) the method developed at Iowa
tate University for estimating the distribution of foods

ISUF) (2). The within-person means method usually
eads to biased estimates of the prevalence of either in-
dequate or excess food intake because it does not meet
ny of the challenges listed earlier. In particular, because
he within-person means method does not meet the chal-
enge of distinguishing within-person variability from be-
ween-person variation (and thereby includes within-per-
on variability), the variance of usual intake is inflated.
he ISUF method meets the first three challenges (ac-
ounting for days without consumption of a particular
ood or food group, allowing for consumption-day amount
ata that are generally positively skewed and have ex-
reme values in the upper tail of the intake distribution;
nd distinguishing within-person variability from be-
ween-person variation), but it does not allow for corre-
ation between probability and amount and cannot incor-
orate covariate information regarding usual intake.
This article describes a new statistical method that was

eveloped at the National Cancer Institute (NCI) to meet
ll five of the challenges noted, using two 24-hour recalls,
nd evaluates the new statistical method’s application to
stimating the distribution of usual intake of episodically
onsumed foods.

ETHODS
ssumptions of the NCI Method
n the NCI method, we assume that the 24-hour recall is
n unbiased instrument for usual intake of episodically
onsumed foods. This assumption has two components.
irst, we assume that the 24-hour recall does not mis-
lassify the respondent’s food consumption (ie, if a food
ctually is consumed on a surveyed day, the food will be
eported on the 24-hour recall; and if a food is not con-
umed, it will not be reported on the 24-hour recall).
econd, we assume that the 24-hour recall is an unbiased
easure for the amount of food consumed on the con-

umption day. This does not mean that the 24-hour recall
aptures the amount of food consumed by an individual
xactly on each recall—at a given time an individual may
eport more or less than was actually consumed—but
ver many days it produces the correct average intake.
This assumption will be discussed in detail later.) In
ddition to the assumptions made about the 24-hour re-
all, we make the usual assumptions for parametric re-
ression analysis in our models. In particular, we assume
hat, after an appropriate transformation, the amount of
ood consumed on a consumption day is approximately
ormally distributed.

verview of the NCI Method
he NCI method for estimating the usual intake of foods
as two steps. The first step consists of fitting a two-part
tatistical model that describes the relationship between
sual intake and covariates and estimates the variability
f intake both within and between individuals. We
dapted a two-part model with correlated person-specific

andom effects, developed by Tooze and colleagues (3), for o
his purpose. Similar to the ISUF method, the statistical
odel represents usual intake as the product of the prob-

bility to consume a food on a given day and the usual
onsumption-day amount. The amount data are trans-
ormed to approximate normality, using the Box-Cox
ransformation (4), as part of the model-fitting process.
o account for the correlation between the probability
nd amount that exists for most foods, as described later,
he two parts of the model are linked.

The second step of the method involves additional statis-
ical procedures that, depending on the application of inter-
st, are used to obtain the final “product” of the analysis.
xamples of those products include estimates of the distri-
ution of usual intake in a population or subpopulation of
nterest, or estimates of individual intakes. The latter may
e used to assess diet–health relationships. Because these
re clearly varying endpoints, different statistical proce-
ures are required. However, because the data share a
ommon structure in each case, the same statistical model
s used to obtain parameter estimates, which are the inputs
or the final step. This article focuses on the statistical
odel and its application for estimating the distribution of
sual intake for populations and subpopulations. Predicting

ndividual usual intake and relating it to health outcomes
re beyond the scope of this article.

etails of the NCI Method
tatistical Model. The first part of the model estimates the
robability of consuming a food (positive intake reported
n the 24-hour recall) using logistic regression with a
erson-specific random effect (mixed model). The logistic
egression model incorporates covariates to represent the
ffect of personal characteristics, such as age, sex, or body
ass index, on the probability of food consumption. The

erson-specific effect is a factor that allows an individu-
l’s consumption probability to differ from the population
evel. It may be thought of as the individual’s personal
endency to consume a food. The probability of consump-
ion is estimated from two or more 24-hour recalls, ac-
ounting for covariates. Symbolically, Part I may be rep-
esented as:

ogit(24-Hour Recall Probability) � InterceptI

� SlopeI � Covariate � Person-Specific EffectI [A]

here, for probability p, logit(p) � log(p/1 � p). The
ntercept, slope, and variance of the person-specific effect
re the model parameters, and subscript I indicates their
ssociation with Part I. Although one covariate is shown
n equation [A], the model allows for multiple covariates
r no covariates. The second part of the model specifies
he consumption-day amount of a food using the 24-hour
ecall data on a transformed scale. Similar to Part I, Part
I may incorporate covariate information to estimate
mount. As before, the covariates, which need not be the
ame covariates as in Part I, represent the effect of per-
onal characteristics on the consumption-day amount.
his part of the model also includes a person-specific
ffect as well as within-person variability due to day-to-
ay variation in an individual’s intake and other sources

f random error. The model for Part II is:
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ransformed 24-Hour Recall Amount � InterceptII

� SlopeII � Covariate � Person-specific EffectII

� Within-person VariabilityII [B]

here subscript II indicates that these parameters are
ssociated with Part II, and differ from those in Part I.
wo or more 24-hour recalls on a number of individuals
ith reports of the food of interest are required to distin-
uish between- and within-person variation. The model is
pecified on the transformed scale where the person-spe-
ific effect and within-person random variability are nor-
ally distributed.

inks Between Parts I and II
nlike the ISUF method, in which the two parts of the
odel are assumed to be independent and are estimated

eparately, the NCI method fits both parts simulta-
eously, which associates probability to amount in two
ays. First, the two person-specific effects are modeled as

orrelated random variables. Second, some covariates
ay be the same in both parts of the model, inducing

orrelation between them. By linking the two parts of the
tatistical model, the relationship between probability
nd amount is accounted for, meeting the challenge
stated previously) of allowing for the correlation between
he probability of consuming a food and the consumption-
ay amount.

itting the Model
he model is fit by the maximum likelihood method,
sing an SAS software (version 8.2, 1999-2001, SAS In-
titute, Cary, NC) macro. To account for the correlation,
ll of the model parameters are estimated at the same
ime using a nonlinear mixed-effects model. In addition,
he Box-Cox transformation parameter is also estimated
s part of the likelihood maximization procedure. The
dvantage of using the normality transformation within
he modeling step, not before modeling as in other meth-
ds, is that the amount reported on the 24-hour recall is
ransformed to normality conditionally on the covariates
n the model. Estimates are obtained for the model pa-
ameters presented in equations [A] and [B], and for the
orrelation between the person-specific effects.

dding Information from Food Frequency Questionnaires as
ovariates
s described by Subar and colleagues (5), frequencies

rom a food frequency questionnaire (FFQ), such as NCI’s
iet History Questionnaire (DHQ), are generally posi-

ively related to the proportion of 24-hour recalls with
eported consumption of those foods. This demonstrates
hat food frequency information could be a useful covari-
te in estimating the probability of consumption. In ad-
ition, because of the correlation between the probability
f consumption and the amount consumed, frequency re-
ponses can contribute to estimating not only probability
f consumption, but also amount consumed (5). The sum
f the frequencies of several individual FFQ items may be

sed to represent the frequency of consumption of a food a

578 October 2006 Volume 106 Number 10
roup containing them. The relationship between the
FQ and the 24-hour recall is often nonlinear. Conse-
uently, a polynomial model may be used to model the
elationship between the FFQ and 24-hour recall.

stimating the Distribution of Usual Intake for the Population
o estimate the distribution of usual intake, the esti-
ated model parameters are used to simulate a popula-

ion that has the same characteristics (as described by
he values of the covariates) and between-person variabil-
ty as the sample on which the model was fit. The within-
erson variation in model [B] is not included because, by
efinition, it does not contribute to long-term intake.
First, the estimated intercept and slope(s) for the co-

ariate(s) are used to obtain for each individual in the
ample an estimate based on the covariate values used to
t the model. To these, it is necessary to add an estimate
f the person-specific random effects. Because these ef-
ects are unobservable, an estimate from their statistical
istribution (bivariate normal with mean zero and vari-
nce parameters estimated from fitting the statistical
odel) is generated. To improve the precision of the es-

imated usual intake distribution, 100 pseudo-persons for
ach individual in the sample are generated, each with
he same covariate values but with different simulated
erson-specific effects.
Because the consumption-day amount data are trans-

ormed using the Box-Cox transformation during the
odel fitting process, it is necessary to back-transform

he amount data to the original scale before estimates of
he distribution of usual intake may be obtained. The
ack-transformation is similar to the approach used in
he method developed at Iowa State University for esti-
ating usual nutrient intake distributions (6). It adds an

djustment term to make the mean of the back-trans-
ormed variable match the mean on the original scale as
escribed by Dodd and colleagues (1). Lastly, the mean,
tandard deviation, and percentiles are estimated empir-
cally from this simulated population.

stimating the Distribution of Usual Intake for a Subpopulation
stimates of the distribution of usual intake for a subpopu-

ation are made in the same way as estimates for the total
opulation, except that covariates that define the subgroup
re included in the NCI model. When making the estimates
or a subpopulation, only the covariate values differ; all
ther variance components remain the same. This specifi-
ation leads to smaller standard errors of estimated param-
ters than stratifying by subpopulation.

orrelation of Probability of Consumption and Amount Consumed
n 24-hour Recalls in the Eating at America’s Table Study
ne of the challenges in developing this statistical model
as to account for the phenomenon that occurs for some

ood groups: that those individuals who eat a food most
requently tend to eat more of it (the challenge, men-
ioned earlier, of allowing for the correlation between the
robability of consuming a food and the consumption-day
mount). To determine how often this happens, we used
he Eating at America’s Table Study (EATS) data to

ssess the proportion of food groups that exhibit a posi-
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igure 2. (A) Mean probability of whole-grains consumption by Diet History Questionnaire (DHQ) whole-grains frequency group for women in the
ating at America’s Table Study. (B) Mean whole-grains consumption-day amount (servings) by DHQ whole-grains frequency group for women in

he Eating at America’s Table Study.
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Table 1. Percentage of individuals in the Eating at America’s Table Study consuming from food group and median amountab of food group
consumed per day on 24-hour recall by number of days food group was reportedc

Men (n�446) Women (n�519)

Number of 24-Hour Recalls with Reported
Intake of Food Group

Number of 24-Hour Recalls with Reported
Intake of Food Group

0 1 2 3 4 0 1 2 3 4

Alcohold

% consuming 46.4 18.4 13.5 9.2 12.6 58.4 21.0 10.0 5.8 4.8
Amount (drinks) 0.0 1.0 2.1 2.3 3.0 0.0 1.0 1.4 1.9 2.6

Cheesed

% consuming 6.3 14.1 22.6 33.6 23.3 6.9 18.7 26.6 29.7 18.1
Amount (servings) 0.0 0.6 0.7 0.9 1.0 0.0 0.4 0.6 0.7 0.7

Milkd

% consuming 1.1 7.0 12.6 27.1 52.2 2.5 7.7 16.4 25.4 48.0
Amount (servings) 0.0 0.3 0.6 0.7 1.3 0.0 0.2 0.4 0.6 1.0

Total dairyd

% consuming 0.2 2.0 4.7 14.8 78.3 0.2 1.7 6.2 18.1 73.8
Amount (servings) 0.0 0.9 0.9 1.2 1.7 0.0 0.2 0.5 0.8 1.3

Citrus, melon, berriesd

% consuming 5.2 12.3 22.6 30.0 29.8 6.2 14.5 25.2 27.4 26.8
Amount (servings) 0.0 0.1 0.8 0.9 1.6 0.0 0.1 0.5 0.9 1.3

Other fruitd

% consuming 12.3 21.7 21.1 22.2 22.6 11.6 20.0 24.7 22.5 21.2
Amount (servings) 0.0 1.0 1.1 1.4 1.8 0.0 0.7 0.9 1.1 1.4

Total fruitd

% consuming 1.1 6.3 14.6 22.0 56.1 2.5 5.4 15.2 25.0 51.8
Amount (servings) 0.0 0.3 1.1 1.2 2.2 0.0 0.2 0.6 1.3 1.9

Non–whole grainsd

% consuming 0.0 0.2 0.4 2.0 97.3 0.0 0.0 0.0 6.0 94.0
Amount (servings) 0.0 0.6 5.5 4.5 6.7 0.0 0.0 0.0 3.2 4.8

Whole grainsd

% consuming 8.3 13.2 23.3 26.5 28.7 7.5 16.0 22.5 27.0 27.0
Amount (servings) 0.0 1.1 1.5 2.1 2.4 0.0 0.8 1.1 1.3 1.5

Total grainsd

% consuming 0.0 0.2 0.2 1.6 98.0 0.0 0.0 0.0 2.7 97.3
Amount (servings) 0.0 0.6 6.4 5.0 8.1 0.0 0.0 0.0 4.2 5.8

Eggsd

% consuming 5.2 18.8 29.6 24.2 22.2 8.3 24.7 30.4 24.3 12.3
Amounte 0.0 0.1 0.4 0.5 0.7 0.0 0.1 0.3 0.5 0.4

Fishd

% consuming 45.7 33.2 16.1 3.6 1.3 51.8 32.9 11.6 2.9 0.8
Amounte 0.0 2.0 3.0 4.0 4.5 0.0 1.6 1.8 2.3 4.9

Frankfurters and sausages
% consuming 20.4 32.1 29.6 13.5 4.5 34.5 32.8 22.4 9.2 1.2
Amounte 0.0 2.0 2.1 2.1 2.3 0.0 1.5 1.3 1.4 1.7

Meatf

% consuming 6.5 14.1 22.0 30.5 26.9 7.1 17.0 28.1 31.0 16.8
Amounte 0.0 3.4 3.3 3.6 3.7 0.0 1.8 2.1 2.4 2.4

Nuts and seedsd

% consuming 28.0 30.0 22.9 14.1 4.9 30.6 33.1 19.8 11.0 5.4
Amounte 0.0 0.3 0.4 0.5 0.4 0.0 0.2 0.3 0.4 0.5

Organ meats
% consuming 97.3 2.5 0.2 0.0 0.0 96.3 3.5 0.2 0.0 0.0
Amounte 0.0 1.8 1.2 0.0 0.0 0.0 2.4 0.9 0.0 0.0

Poultryf

% consuming 19.1 32.3 28.7 15.5 4.5 18.9 32.8 28.7 15.8 3.9
Amounte 0.0 3.2 3.7 3.3 4.0 0.0 2.4 2.4 2.9 3.0

Soyd

% consuming 82.7 13.2 3.6 0.4 0.0 82.1 13.3 2.7 1.2 0.8
Amounte 0.0 0.1 0.2 6.0 0.0 0.0 0.0 0.9 0.6 1.4
(continued)
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orrelat
ive correlation between the probability of consumption
nd consumption-day amount on 24-hour recalls. Details
f the EATS, conducted in 1997-1998, are published else-
here (7). We used data from a national sample from 965
en and women, 20 to 70 years of age, who completed

our 24-hour recalls 3 months apart, followed by NCI’s
HQ. The NCI Special Studies Institutional Review
oard approved the study.
To determine what proportion of 27 Food Guide Pyramid

ood groups (described in reference 5) exhibited a significant
orrelation between probability of consumption and con-
umption-day amount, we calculated the proportion of re-
pondents who reported consumption on zero, one, two,
hree, or four of the four 24-hour recalls and the median
ortion size consumed for each category by sex. Spearman
orrelation coefficients between the number of recalls with
onsumption and the consumption-day amount were then

Table 1. Percentage of individuals in the Eating at America’s Table
consumed per day on 24-hour recall by number of days food group

Men (n�446)

Number of 24-Hour Recalls w
Intake of Food Gro

0 1 2

Meat, fish, poultryd

% consuming 1.6 0.9 3.4
Amounte 0.0 1.8 5.0

Deep-yellow vegetablesd

% consuming 24.0 33.6 24.4
Amount (servings) 0.0 0.3 0.5

Dark-green vegetablesf

% consuming 52.0 28.5 14.6
Amount (servings) 0.0 0.8 1.1

Legumesf

% consuming 56.7 31.2 9.0
Amount (servings) 0.0 1.1 1.1

Other vegetablesd

% consuming 0.0 0.9 6.3
Amount (servings) 0.0 0.3 0.9

Potatoesd

% consuming 12.1 24.2 29.6
Amount (servings) 0.0 2.0 2.3

Starchy vegetablesg

% consuming 45.1 37.9 12.6
Amount (servings) 0.0 1.0 0.9

Tomatoesd

% consuming 1.8 7.8 22.2
Amount (servings) 0.0 0.7 0.6

Total vegetablesd

% consuming 0.0 0.2 1.1
Amount (servings) 0.0 0.7 3.3

aMedian amount consumed by category.
bServings in this table refer to Food Guide Pyramid servings (see www.ba.ars.usda.gov
cData from reference 7.
dCorrelation between number of consumption days and amount consumed (Spearman c
eOunces of cooked lean meat equivalents.
fCorrelation between number of consumption days and amount consumed (Spearman c
gCorrelation between number of consumption days and amount consumed (Spearman c
omputed. e
pplying the Method: Example of Estimating the Distribution of
sual Intake
e also used the EATS data to (a) illustrate the applica-

ion of the NCI method, in comparison with the within-
erson means and ISUF methods, for estimating the dis-
ribution of usual intake for two food groups (whole
rains and dark-green vegetables) for men and women,
nd (b) estimate the distribution of usual intake by edu-
ation level for whole-grain consumption by men. In these
nalyses, only DHQ reported frequencies were used; the
verage portion-size information (small, medium, large)
as not used. This variable of reported frequencies is

imilar to the Food Propensity Questionnaire (FPQ) used
n the 2003-2006 NHANES (5).

Daily frequencies were determined for each respondent
or each food group by summing the line items belonging to

y consuming from food group and median amountab of food group
reportedc (continued)

Women (n�519)

eported Number of 24-Hour Recalls with Reported
Intake of Food Group

4 0 1 2 3 4

82.7 0.8 1.2 4.6 22.0 71.5
6.1 0.0 1.7 2.8 3.2 3.7

4.7 19.3 35.8 26.6 13.7 4.6
0.8 0.0 0.3 0.4 0.4 0.7

0.7 43.4 29.5 19.3 6.4 1.5
1.1 0.0 0.7 0.8 1.1 1.2

0.4 61.3 28.1 8.3 2.3 0.0
1.1 0.0 0.7 0.8 0.7 0.0

69.3 0.0 1.3 6.9 26.2 65.5
1.5 0.0 0.5 0.5 0.8 1.1

11.7 14.5 26.2 28.3 21.6 9.4
2.7 0.0 1.5 1.6 1.9 1.8

0.0 45.5 35.6 15.0 3.5 0.4
0.0 0.0 0.6 0.7 0.8 1.3

30.7 1.9 11.8 26.2 34.5 25.6
0.9 0.0 0.5 0.5 0.6 0.6

86.8 0.0 0.0 1.2 12.7 86.1
4.3 0.0 0.0 1.6 2.7 3.2

ervices/foodlink.html).

ion): P�0.05 for men and women.

on): P�0.05 for women; P�0.05 for men.
ion): P�0.05 for men; P�0.05 for women.
Stud
was

ith R
up

3

11.4
5.3

13.2
0.6

4.3
1.1

2.7
1.6

23.5
1.0

22.4
2.7

4.5
1.4

37.4
0.8

11.9
3.4

/cnrg/s

orrelat

orrelati
ach group. The covariate for whole grains included the
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requency data for the following DHQ items: breads, crack-
rs, hot cereals, popcorn, ready-to-eat cereal, rice or other
ooked grains, and potato/tortilla/corn chips. The covariate
or dark-green vegetables included frequencies of broccoli,
aw greens, cooked greens, and lettuce. The proportions of
he line items in each category (eg, the proportion of bread
hat was whole grain) were considered when deriving the
requency variables (see reference 5 for further details). To
ccommodate the nonlinear relationship between the 24-
our recall and the food-frequency variables, a polynomial
odel was used—that is, square root, linear, and quadratic

unctions of the food frequency variable were included as
ovariates in the statistical model.

We also estimated the distribution of usual intake of
hole grains for three subpopulations of men: those with
high school education or less, those with some college,

nd college graduates. This was achieved by including the
ndicator variables for education level as covariates in
oth parts of the statistical model.

pplying the Method: Simulation Study for Estimating the
istribution of Usual Intake
imulation studies provide a means of comparing statis-
ical methods to each other, as well as to a measure of
rue usual intake. We conducted a simulation study to
valuate the NCI method and to compare it with other
urrently available methods for estimating usual food
ntake distributions. Because we were interested in the
erformance of the methods for the minimum number of
4-hour–recall days, two days were chosen to compare six
ifferent methods of estimating usual intake: (a) the
-day within-person means; (b) the ISUF method; (c) the
tandard NCI method with correlated person-specific ef-
ects and the FPQ as a covariate (as described earlier); (d)
he NCI method with correlated person-specific effects
ut without the FPQ (ie, the covariate[s] generated by the
FQ were removed from the model fittings of equations

A] and [B]); (e) the NCI method with uncorrelated per-
on-specific effects (ie, the person-specific effects in equa-
ions [A] and [B] were assumed to be uncorrelated in the
odel fittings) with the FPQ; and (f) the NCI method
ith uncorrelated person-specific effects without the
PQ. By comparing the NCI method both with and with-
ut the correlated person-specific effects and with and
ithout the FPQ, we were able to isolate the effects of

hese components of the model in this simulation study.
We simulated 200 datasets, each with 2,000 pseudo-

ersons, based on whole-grain consumption by women
n the EATS. For each pseudo-person in a simulated
ata set, an FFQ frequency value was selected from the
ctual values in the EATS. Next, a probability was
enerated for that individual, using the mean proba-
ility from the EATS data, stratified by FFQ frequency
roup (Figure 2A). For example, a pseudo-person who
ell into FFQ group 5 (corresponding to a value between
he 20th and 25th percentile, or approximately four
imes per week), would have approximately a 52%
hance of consuming whole grains, based on the recall
ata for everyone in that group. Using this probability,
65 pseudo-days were generated for this person, with
ach one having the underlying chance of 52% of con-
uming a whole grain on that day.

Next, for the days that were simulated to be con- t

582 October 2006 Volume 106 Number 10
umption days, a mean amount was generated for each
onsumption day using the mean consumption-day
mounts from the EATS, represented in Figure 2B. For
xample, for a woman in group 5 (Figure 2B), the mean
alue of approximately 0.8 servings, plus or minus a
andomly generated value reflecting the variability
bout the mean, was used. Finally, two correlated per-
on-specific effects (from a bivariate normal distribu-
ion) corresponding to probability and amount, were
enerated for each pseudo-person with a correlation
quivalent to that found in the EATS data.
After combining the simulated probability, consump-

ion-day amount, and person-specific effects, each person
n the dataset has 365 days of pseudo-data, the mean of
hich was used to estimate true intake. The mean per-

entiles estimated from all six methods described earlier
ere compared with the percentiles of this true intake.

ESULTS
orrelation of Probability of Consumption and Amount
onsumed on 24-hour recalls in EATS
able 1 presents the proportion of respondents in the
ATS who consumed a food group on 0, 1, 2, 3, or 4 of the
ecall days, and the corresponding median amount, ex-
ressed as the number of Food Guide Pyramid servings
8) consumed per day. Forty-five of the 54 (83%) food
roup by sex combinations (27 food groups for each sex)
xhibited a positive correlation between the probability of
onsuming the food and the mean consumption-day
mount.

xample of Estimating the Distribution of Usual Intake in the
ATS
stimating the Distribution of Usual Intake. The smoothed dis-
ribution curves for whole-grain consumption by women
rom the EATS data is represented in Figure 3. This
gure illustrates the differences between the within-per-
on means, ISUF, and NCI methods using 4 days of
4-hour recalls. First, even with 4 days of recalls, it is still
ifficult to estimate empirically the lower tail of the dis-
ribution using within-person means, resulting in a large
pike at zero. Second, because the within-person means
ethod does not distinguish within-person from between-

erson variability, its distribution has a longer tail. Al-
hough the ISUF software produced a warning that it
hould not be used for whole grains because significant
orrelation existed between the probability of consuming
nd the amount consumed, its results are presented here
or illustration purposes.

The curve for the NCI method is to the left of the ISUF
urve below approximately 1.7 servings, at which point it
hifts to the right of the ISUF curve for larger amounts.
he difference between these curves is due to the positive
orrelation between probability and amount. Because
hose women who are less likely to eat whole grains eat
maller amounts when they do eat them, the area under
he NCI method curve is larger in the lower part of the
istribution than the area below the curve produced us-
ng the ISUF method, which assumes no relationship
etween probability and amount. For the same reason,

his relationship reverses in the upper part of the area
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nder the NCI method curve, reflecting that women who
re more likely to eat whole grains eat larger amounts
hen they do eat them.

stimating the Percent of Population More or Less than a Cutoff.
able 2 illustrates the differences among the three meth-
ds. For both dark-green vegetables and whole grains, the
-day within-person means method produces estimates
hat are higher than the ISUF and NCI methods in both
f the tails due to the large spike at zero and the longer
ail in the upper end of the distribution.

Other differences between the NCI method and the
SUF method are determined by the strength of the cor-
elation between probability of consumption and the
mount consumed. This correlation coefficient is not sig-
ificantly different from zero for dark-green vegetable
onsumption by men in the EATS, and, as shown in Table
, the estimates from the NCI and ISUF methods are
imilar for men. In contrast, due to substantially corre-
ated probability and amount for whole grains (r�0.29 for
omen and r�0.34 for men), the estimates of the propor-

ion of people consuming less than 0.5 serving and more
han three servings of this food group are considerably
ower in the ISUF method than the NCI method for both
omen and men.

stimating the Distribution of Usual Intake for a Subpopulation.
he percentages of men who consume more or less than
pecified cutoff values for servings of whole grains by
ducation levels are given in Table 3. It is clear from this
able that whole-grain consumption by men in the EATS
iffers by level of education attainment.
imulation Study for Estimating the Distribution of Usual Intake.
igure 4 illustrates the mean bias, defined as the differ-
nce between the estimate and simulated truth (the 365-

igure 3. Estimated distributions of usual intake of whole grains for
omen in the Eating at America’s Table Study using different methods.
he spike at zero for the 4-day mean (within-person mean of four
4-hour recalls) represents 7.5% of the distribution. ISUF�Iowa State
niversity Foods method. NCI�National Cancer Institute method with
orrelated random effects and a food frequency questionnaire as a
ovariate. (This figure is available online at www.adajournal.org as part
f a PowerPoint presentation featuring additional online-only content.)
ay mean), of each of the methods. Except at the mean of m
he distribution, the 2-day within-person means estimate
as a much greater bias than any of the other methods.
he NCI method with correlated person-specific effects
ither with or without the FPQ produced estimates that
re close to the estimate from the 365-day mean, with
ssentially no bias for all percentiles.
Figure 5 illustrates that the NCI method with uncor-

elated person-specific effects and without the FPQ pro-
uced a similar curve to the ISUF method, and that both
urves are shifted from the 365-day mean curve. By ig-
oring correlation between probability and amount, these
wo methods tend to overestimate the amounts consumed
y those with a low probability of consumption, and un-
erestimate the amounts consumed by those with a high
robability of consumption, leading to biased estimates.
he NCI method with uncorrelated person-specific effects
ut with the FPQ led to the best results when compared
ith the same method without the FPQ. Including the

hared covariate (the FPQ information) in both parts of
he model captured some of the correlation between prob-
bility and consumption-day amount, although not as
uch as incorporating the correlated person-specific ef-

ects. Figures 4 and 5 illustrate that modeling the corre-
ation between probability of consumption and consump-
ion-day amount leads to the largest gains over the other
ethods.

ISCUSSION
statistical model used for estimating the usual intake of

pisodically consumed foods using two or more 24-hour
ecalls per subject needs to appropriately account for the
haracteristics of such data. First, it must account for the
pike at zero due to nonconsumption of a food on the
ecalled days. This is achieved in the NCI method by
epresenting usual intake as the product of the probabil-
ty of consuming a food and the amount consumed on a
onsumption day. In addition, the model must transform
kewed distributions of the consumption-day amounts to
pproximate normality. It also must have the ability to
istinguish within-person variability that results from
ay-to-day differences in intake and random reporting
rror from the variability among individuals. Like the
SUF method, the NCI method addresses all of these
hallenges. The NCI method overcomes the limitations of
he ISUF method, however, by incorporating covariate
nformation and by accounting for the correlation be-
ween the probability of consuming a food and the con-
umption-day amount. Because probability and amount
re substantially correlated in a majority of food groups,
s our findings from EATS illustrate, the ISUF method
hould not be used on most foods according to its own
riterion.
The importance of using covariates in the model is

ighly dependent on the application of interest. When
nterest is in estimating the distribution of usual intake
n a subpopulation or population, it is not important how
he between-person variation is partitioned between the
art that is explained by covariates and the unexplained
omponent captured by the person-specific effect. Rather,
he focus should be on how well the variability of person-
pecific effects and within-person random error can be
ransformed to normality. Including covariates in the

odel may make normality more realistic, with conse-
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uent improvement in estimating the distribution, espe-
ially its tails. This was not the case with our example.
fter allowing for correlated person-specific effects, our
imulation study results indicated little difference be-
ween the NCI method with and without the FPQ. This
ay be because the 24-hour recall reported amounts for
hole grains (the basis for the simulated data) can be

ransformed to normality almost equally well uncondi-
ionally or conditionally on the FPQ. For foods without
his characteristic, including the FPQ in the model may
ead to some improvement in estimating the tails of the
istribution. Because the FPQ may not be necessary to
stimate the usual intake distribution of foods, it should
e possible to estimate the usual intake distribution of
oods from previous survey data with at least two 24-hour
ecalls per participant.

When the distribution of usual intake is estimated in
ubpopulations, incorporating covariates that character-
ze the subpopulation, such as age, sex, race, income, or
ducation, may provide a substantial improvement by
eading to more efficient estimation than does stratifica-
ion. This advantage in efficiency is expected to increase
s size of the subpopulation decreases. In addition, co-
ariates may be used to adjust for temporal effects, such
s seasonality and day-of-week effects, and the reduction

Table 2. Percentage of individuals in the Eating at America’s Table
different methods to estimate the distribution of usual intakea

Women (n

4-day WPMb N

Dark green vegetables (servings)
�0.10 54.3 3
�0.25 67.6 6
�0.5 82.0 8
�1 6.7
Whole grains (servings)
�0.5 37.2 2
�1 60.5 5
�2 14.8
�3 3.9

aData from reference 7.
bWPM�Within-person Mean Method (mean of 4 days).
cNCI�National Cancer Institute Method with correlated person-specific effects and food
dISUF�Iowa State University Foods Method.

Table 3. Percentage of men in the Eating at America’s Table Stu
whole-grains by education levelsa

No. servings of
whole-grains

High school education or less
(n�83)

4™™™™™™™™™™™™™™™™™™™™™™™
�0.5 32.3
�1 57.9
�2 14.5
�3 4.2

aData from reference 7.
n mean levels of intake that can occur with repeat 24- c

584 October 2006 Volume 106 Number 10
our recalls, the time-in-sample effect. This is done sim-
ly by including an indicator variable in the statistical
odel as a covariate to indicate that the second recall is

eing modeled, allowing its mean to be adjusted for re-
eat application of the recall, if necessary.
For predicting individual usual intake and relating it to

ealth outcomes, the goal is to reduce unexplained be-
ween-person variation of intake, which may be achieved
y including appropriate covariates in the model. Differ-
nt types of covariates may be incorporated in the esti-
ation of usual intake for this purpose, including per-

onal characteristics associated with intake as well as
PQ information. Because the FPQ frequencies are asso-
iated both with the probability of consuming a food and
he amount consumed on the consumption day (5), incor-
orating food frequency information as a covariate in
oth parts of the model can explain at least part of be-
ween-person variation in the 24-hour recall, therefore
roviding a better estimate of diet–health relations. Al-
hough the NCI statistical model is the first step in esti-
ating individual usual intake, the development of addi-

ional statistical methodology for the second step is
ecessary; this work is currently underway by the au-
hors of this article.

Another benefit of including covariates in the statisti-

who consume less or more than a cutoff number of servings using

) Men (n�446)

ISUFd 4-day WPMb NCIc ISUFd

26.4 62.3 31.7 30.9
51.9 70.6 65.5 59.3
89.0 82.3 91.6 92.8
0.5 5.2 0.1 0.0

17.9 27.6 17.2 9.4
55.5 43.3 37.9 29.7
5.4 30.0 29.0 26.4
0.3 13.5 11.1 7.9

ncy information as a covariate.

ho consumed less or more than a cutoff number of servings of

Some college
(n�157)

College graduate
(n�206)

™™™™™™™™™™% ™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™3
20.6 9.3
44.2 26.4
23.3 38.7
8.1 16.3
Study

�519

CIc

0.4
3.7
6.6
2.0

6.0
7.4
8.6
1.1

freque
dy w

™™™™
al model is the improved ability to make inferences
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egarding the effects of these covariates on food consump-
ion, similar to the purpose of the statistical models de-
cribed by Haines and colleagues (9) and Guenther and
olleagues (10). Like these approaches, the NCI model
llows the analyst to separate the effect of covariates on
he decision to consume a food from the effect of covari-
tes on the amount that is consumed when the food is
aten. The NCI model may be used to approximate the
ffects of individual covariates to determine which vari-
bles are associated with the probability of consumption
nd the consumption-day amount by making inferences
bout the strength of the relationships of the covariates
ith individual intake.
The NCI method was developed to meet the special

hallenges for estimating intake of episodically consumed
oods. Although some of those challenges are unique to
pisodically-consumed foods (accounting for noncon-
umption days, allowing for the correlation between the
robability of consuming a food and the consumption-day
mount), others apply as well to nutrients or foods that
re consumed on a daily basis. Part II of the NCI model
equation [B]) alone could be used to estimate usual in-
ake for foods or nutrients that are consumed on a daily
asis by nearly everyone. The ability to easily incorporate
ovariates in the estimation of usual intake makes the
CI method an attractive alternative to the ISU nutrient
ethod.

igure 4. Bias of percentile estimates from simulations based on whol
ine at zero represents no bias. 2-day mean�within-person mean of 2 d
CI�National Cancer Institute method, specifying whether the person
ood Propensity Questionnaire (FPQ) is used as a covariate in the m
owerPoint presentation featuring additional online-only content.)
Although the NCI method seems to present a substan- i
ial improvement over existing methods for estimating
he distribution of usual intake for foods, it does have
ome limitations. First, the model never produces a true
ero intake because the logistic regression that is used to
odel the probability of consumption does not predict a

ero value. Furthermore, the model requires that a suffi-
ient number of people consume a given food on at least 2
ecalled days. For foods that are consumed episodically in
he population, such as organ meats, this condition may
ot be satisfied.
Most importantly, the model is based on the assump-

ion that the 24-hour recall is an unbiased instrument for
easuring usual food intake. Many recent studies with

oubly labeled water have found misreporting of energy
ntake on both the 24-hour recall and FFQ, almost always
n the direction of underreporting (11-14). This suggests
hat at least some foods are underreported as well. A few
tudies have investigated the extent and type of under-
eporting by food, and it seems that underreporting may
e differential by food (15). Unfortunately, however, it is
mpossible to know which foods, and by how much, are

isreported on the 24-hour recall. Due to this uncer-
ainty, we follow the only available practical convention
nd assume that the 24-hour recall is unbiased. For those
oods that are reported with bias on the 24-hour recall,
he estimated intake will be biased as well. When the
FQ is used as a covariate in the model, it is allowed to

ins for women (from the Eating at America’s Table Study). The dashed
f simulated 24-hour recalls. ISUF�Iowa State University Foods method.
ific effects are correlated or uncorrelated and whether the simulated
(This figure is available online at www.adajournal.org as part of a
e gra
ays o
-spec
odel.
nvolve systematic bias as well as random measurement
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rror. It is important to note that in the NCI method the
FQ does not replace information from the 24-hour recall
ut is being calibrated using the 24-hour recall as a
eference instrument. The method, therefore, includes
seful information from the FFQ without subjecting the
nal estimates to its measurement error.
The NCI method has been developed and illustrated

ere using data from what we implicitly assumed to be a
andom sample of independent individuals, not a complex
urvey sample. We are presently working on its extension
or complex surveys, such as NHANES, so that estimates
f the distribution of usual intake in the US population
ay be made using the NCI method.

ONCLUSIONS
he NCI method to estimate usual intake of even episod-

cally consumed foods using two 24-hour recalls repre-
ents an advance in dietary assessment. It provides dis-
inct advantages over previously proposed methods by
ccounting for the correlation between probability of con-
umption and amount consumed and by incorporating
ovariate information. A macro that automates the pro-
edure and addresses other special aspects of dietary
ecall data will be available as part of a Web-based tuto-
ial on the NHANES survey in the future (see http://
ww.cdc.gov/nchs/tutorials). Researchers interested in

stimating the distribution of usual intakes of food
roups for a population or subpopulation or the percent-

igure 5. Smoothed distribution curves from simulations based on wh
t zero for the 2-day mean represents 18% of the distribution. The 365
f 2 days of simulated 24-hour recalls. ISUF�Iowa State University Fo
erson-specific effects are correlated or uncorrelated and whether the
odel.
ge of people that consume more or less than a given

586 October 2006 Volume 106 Number 10
tandard, are advised to work with a statistician to in-
orporate this method in their analyses. A further appli-
ation of the NCI method for estimating individual usual
ntake and relating it to health outcomes is forthcoming.
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