Modeling Long-Term Intake Using
Short-Term M easur ements:
A Unified Framework
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24-Hour Recallsfor Dietary Assessment

Population-level assessment of nutritional adequacy is
often based on 24-hour recalls (24HRs) from a survey

e A single24HR asks (in great detail) about all the food
consumed on the previous day

* |nterest centerson long-term average, or “usual”

Intake, but obtaining many 24HRs is generally not
practical

o Statistical models have been developed to deal with
several challenges posed by 24HR intake data

 Early modelsfocused on “nutrients’ —consumed
nearly every day by nearly everyone in the population



Model Assumptions

* LetR; be 24HR report for individua | on day |

 Each R; Isassumed to be unbiased for usual intake T;

— The average of many 24HR reports per individual
approximates T; — statistically, T; = E(R;; | 1)

— All of the reports for agroup can be expressed as

Ri=p+(Ti—p)+ (R —T)
= U+ U+ 6
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Challenges to Estimation




Challenge #1: Within-Individual Variation

With only afew 24HRs per individual, measurement
errors produce significant within-individual variation

Single—day intake
— 2—day mean intake
— Usual intake

Means are equal

| Overestimation ot:
tail probabilities;

Density

_ Intake
Source: S mulated Data



Response #1: Shrinkage Estimator (NRC, 1986)

o Assume measurement errors by different individuals

have a common within-individual variance 2

* Thedistribution of usual intakes exhibits only

between-individual variance 2

» Thedistribution of k-day means R has variance
VaR)= 2+ Ak

e Want aset of representative values that exhibits
only between-individual variance to estimate the
usual intake distribution




Response #1: Shrinkage Estimator (NRC, 1986)

e Observed individual means are representative of the
k-day mean distribution, so adjust them to get
representative values of the usual intake distribution:

| R =WR +(1L- W) /7

where

2
W= “u
s2+s°/k
u e

« The distribution of the adjusted valuesis “ shrunk”
toward the overall mean 71,




Sour ce: Simulated Data

Long right tail




o Apply atransformation (e.g., power, log, Box-Cox) to
24HR intakes so that

| OR) =K +U +§ |

where the both the random effects and the errors are
approximately normally distributed

e Correct for within-individual variance in transformed
(normal-scale) intakes

» Describe original-scale usual intake in terms of the
transformation and the corrected normal-scale
distribution -



National Research Council ( )
(NRC 1986, IOM 2003)

Bias-Corrected Power ( ) (Nusser et al. 1996)
lowa State University (I SU) (Nusser et al. 1996)

National Cancer Institute (NCI) (Tooze et al. 2006)

Dodd et a. 2006 — Methods have a common approach:




Original Scale

Transform>

Backtransform

Transformed Scale




 |nitial transformation step may be simple (approximate
normality) or complex (very close to normality)

e Correction for within-individual variation may be
based on a shrinkage estimator or simply on assumed
normality

« Backtransformation may incorporate adjustments to
— preserve the overal mean of the original scale data
— allow for heterogeneous within-individual variance

— reflect how wdl the initial transformation iIs
assumed to achieve normality



Spike - Men
at
Zero
Skewed
Distribution

Source: EATS



* Letp,=Pr(R;>0][1) be probability to consume and
A = E[R; |I,R; > 0) be amount consumed

e ThenT

E[R; [1]

ECELR; [1,1(Ry > 0)] |1}

Pr(R; >0[1)" E[R; |1,1(R; >0)]
b A

Usual Intake = Probability © Amount ‘




1. Afoodisreportedona24HR if andonly if itis
consumed on the reporting day,

AND

2. Reported 24HR intake is unbiased (in the original
scale) for the usual amount of food consumed on a
consumption day



Usual Intake = Probability © Amount

» Relative frequency of nonzero 24HRs provides
Information about the distribution of consumption
probability

e Amounts on consumption days always positive, so
apply “nutrient” methods for distribution of usual
consumption-day intake

e Combine both distributions to get distribution of usual
Intake



Frequent consumers may tend to have high consumption amounts

Source: EATS



* Logistic-Normal Mixed Modd (Tooze, et al., 2006)
Pr(R; >0 Xy,u;) =H(b + Xy +y),

(R IRy >0 X5,Uy)} = byg + 5 X5 +Uy 8,

where H(v)=(1 + e¥) %, g(v)=(v' - 1)/¢, §; ~N(O, ¢?)

1€

— Covariates X,; and X,; can be (partially) shared,
— Random effects u. = (u,,u, ) can be correlated:

s rs s
u, ~BVN(Q, ), = oz

rsulsuz Su2

— Parameters (including ¢) estimated by ML using PROC
NLMIXED
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Under the two-part mode!,

T = Pr(R >0]i)" E[R |R >0;i]
— H(blo T &Xli +u1i), E[g_l(bzo + gxxzi t U, +qj) ||]
» H(b10+ &Xli +U1i), g*(b20+ g;xxzi +U2i).

1. Draw Monte Carlo samples from the estimated
distribution of u for each individual’s X,

2. Add the estimated fixed effect components to each
generated random effect, backtransform with g°, then

3. Estimate the distribution of usual intake (and its
components) from the empirical distribution of the
Monte Carlo samples




Joint Distribution of Probability and Amount



- Probability and amount can be related through both
measured (X;) and unmeasured (u,, U,) individual
characteristics

- Allows efficient estimation for population subgroups

- a@Nuisance effects® that influence specific 24HR

reports ( )
can be included as covarlates (X;;) and ad usted for

- Does not explicitly model never-consumers +
additional information from a supplemental food
freguency questionnaire may be especially useful



The two-part model for foods reduces to a one-part
mode! for nutrients

In the absence of covariates, both the two-part and
one-part models are comparable to those used Iin
previous estimation methods

The full models provide aflexible way to describe
the statistical behavior of 24HR observations
Allows for distribution estimation, and also

Prediction of adjusted individual usual intake for usein
epidemiological modeling

+
+



Methods for estimating distributions of usual intake
from 24HR must address

Within-individual variability in intake
Skewed distributions of observed/usual nonzero intake
Large number of observed zero food intakes

+ 1+ I+

Methods may also attempt to address

Correlation between probability to consume and the usual
amount consumed

Relationships between intake and other covariates
(individual-level or nuisance effects)

I+

I+

Refinements, extensions, and alternatives to methods
discussed so far are underway



Ray Carroll, Sue Krebs-Smith, Larry Freedman,
Patricia Guenther, Victor Kipnis, Amy Subar, Janet
Tooze, Doug Midthune, Dennis Buckman
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Distribution of Usual Intake



- Intake (usual or otherwise) is by definition
nonnegative

. Some individuals can have usua intake > twice the

group mean intake, but no one can have usual intake
equally far below the group mean intake

- Magnitude of deviations from intakes that exceed an
Individual’ s usual intake may be larger than those
deviations from intakes that fall short

- Intake distributions tend to be right-skewed, whereas
normal distributions are symmetric
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estimation error




