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Jennifer Haubrock,4* Ute Nöthlings,5 Jean-Luc Volatier,6Arnold Dekkers,7 Marga Ocké,7 Ulrich Harttig,4
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Abstract

Estimating usual food intake distributions from short-term quantitative measurements is critical when occasionally or

rarely eaten food groups are considered. To overcome this challenge by statistical modeling, the Multiple Source Method

(MSM) was developed in 2006. TheMSM provides usual food intake distributions from individual short-term estimates by

combining the probability and the amount of consumption with incorporation of covariates into the modeling part. Habitual

consumption frequency information may be used in 2 ways: first, to distinguish true nonconsumers from occasional

nonconsumers in short-termmeasurements and second, as a covariate in the statistical model. TheMSM is therefore able

to calculate estimates for occasional nonconsumers. External information on the proportion of nonconsumers of a food

can also be handled by theMSM. As a proof-of-concept, we applied theMSM to a data set from the European Prospective

Investigation into Cancer and Nutrition (EPIC)-Potsdam Calibration Study (2004) comprising 393 participants who

completed two 24-h dietary recalls and one FFQ. Usual intake distributions were estimated for 38 food groups with a

proportion of nonconsumers . 70% in the 24-h dietary recalls. The intake estimates derived by the MSM corresponded

with the observed values such as the group mean. This study shows that the MSM is a useful and applicable statistical

technique to estimate usual food intake distributions, if at least 2 repeated measurements per participant are available,

even for food groups with a sizeable percentage of nonconsumers. J. Nutr. 141: 914–920, 2011.

Introduction

The European Food Consumption Survey Method project has
recommended to apply 24-h dietary recalls on at least 2 noncon-

secutive days per participant (1) as the primary instrument for food
consumption surveys (2,3) to account for intra-individual variation.
The 24-h dietary recall is a short-term dietary assessment instrument
that covers the consumption of foods during the day preceding the
interview in great detail (4). Currently, the instrument is mostly
administered with the help of computer programs, such as the
European EPIC-Soft (5) or theUSAutomatedMultiple PassMethod
(6), which include probing questions and quality checks (7).

Recent advances in statistical methods (1,8–12) have pro-
vided statistical algorithms that derive usual intake distributions
for populations based on multiple 24-h dietary recalls. The
removal of intra-individual variability across consumption days
is applied as a crucial processing step. These methods extended
the work in the 1980s of Beaton et al. (13,14), who developed
equations to estimate and remove the intra-individual part of the
variation on a normal scale. However, the majority of these
methods can be applied only to nutrients and foods that are
consumed daily (1,9–12). In case of zero intakes, the application
of these methods is challenging. Zero intakes occur in 24-h dietary
recall data if food or food groups are only occasionally consumed.
However, these nonconsumption days do not necessarily reflect
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true nonconsumption. In fact, usual nonconsumption remains
uncertain if no additional information on habitual food intake is
available.

In following studies, 24-h dietary recall information was
supported with additional information on frequency of food
consumption to overcome this limitation. Nusser et al. (8)
proposed to calculate the usual intake distribution focusing on
participants who declared themselves as consumers. Recently, a
group of the National Cancer Institute (NCI)10 recommended
using the full scale of frequency information, including null
consumption as covariate information for estimation of the usual
dietary intake distribution (15). In comparison with the Nusser
method, the concept of the NCI group is more progressive, be-
cause it makes use of the information about nonconsumption as
an integrated part of the overall estimation process (15).

In correspondence with the strategy of the NCI group (15),
the Multiple Source Method (MSM) was developed to estimate
usual intake distributions within the framework of the European
Food Consumption Validation project.

In relation to the estimation concept, the MSM involves
similar steps to those proposed by the NCI group to derive usual
intake distributions by estimating the probability and the amount
of consumption and combining both estimations. Both the MSM
and NCI method include covariates into the modeling parts (15).
Furthermore, both methods can be applied to nutrients, foods, or
occasionally or rarely consumed foods if at least 2 repeated
measurements for some participants can be provided. However,
both methods differ in terms of the modeling part, handling
nonconsumers, inclusion of external information within the
estimation process, coping with correlations, and providing the
method to potential users.

In this paper, we present the application of the MSM to a data
set of the European Prospective Investigation into Cancer and
Nutrition (EPIC)-Potsdam Calibration Study along with 2 simu-
lation studies. The theoretical background of the MSM as well as
the back transformation equations and the results from the
simulation studies (Supplemental Tables 1 and 2) are available as
Online Supporting Material. The specific aspects of the MSM are
discussed on the basis of these results.

Participants and Methods

Study population and dietary assessment. In the area of Potsdam,
Germany, 27,548 participants aged between 35 and 65 y were recruited

from the general population between 1994 and 1998 for the EPIC-

Potsdam Study (16). Baseline assessments included diet and lifestyle

questionnaires and measurements of weight and height among other
characteristics. During active follow-up, dietary intake of the preceding

year was assessed by a simplified FFQ that contained 102 food items.

The development of this FFQ with its implementation of portion size

information has been previously described in detail (17). The self-
administered FFQ inquired only about the frequency of consumption

using a closed-ended format of discrete categories that ranged from

“never”, “one time per month” to “11 times per day or more frequent”
and can, therefore, be considered as being a food propensity question-

naire according to the definition of Subar et al. (18).

In 2004, a study was conducted to validate the simplified FFQ using

repeated 24-h dietary recalls (17), the so-called EPIC-Potsdam Calibration
Study. A random sample of 230 men and 230 women was drawn from the

original sample to provide 2 unannounced recalls within 1 y and to

complete the simplified FFQ at the end of the year. The sampling days were

randomized over the year preceding the administration of the FFQ, thus

reflecting consumption habits during the time period also covered by the

FFQ. For collecting 24-h dietary recalls, we used the standardized EPIC-

SOFT Program (5,19) administered by telephone interviews. To better
estimate portion sizes during the interview, an adapted version of the

EPIC-SOFT picture book was mailed to the participants in advance.

Four hundred of the 460 initially invited participants (87%) provided

24-h dietary recalls. After exclusion of 1 participant with no second 24-h
dietary recall and 6 participants with no FFQ, a complete set of two 24-h

dietary recalls and one simplified FFQ was available for 393 study

participants (197 men and 196 women), forming the data basis for this

analysis. The mean time between recalls was 178.4 d and the mean time
between the last recall and the FFQ was 104.5 d.

For a description of the study population, we used the variables

education, weight, height, and smoking status of the EPIC-Potsdam lifestyle
questionnaire at baseline. The 24-h dietary recall consumption data of the

EPIC-Potsdam Calibration Study and consumption frequency information

of the simplified EPIC-Potsdam FFQ were used for statistical analysis (17).

Statistical methods. Due to the small sample size, a separate statistical
analysis for men and women was not performed.

For each individual, all reported item frequencies from the simplified

FFQ were converted to mean frequencies per day. For example, a report

of 1 time/wk was converted to one-seventh times per day. These
frequencies were then summed into reported frequencies at food group

level of 39 food groups, consistent with previous studies (20). Dietary

intake information provided by the 24-h dietary recall was also collapsed
into the same 39 food groups and absolute intakes in g/d per food group

were computed. Because no participant consumed foods that belong to

the food group “snacks” on both recalled days, the following results

consider 38 of 39 food groups. Because the MSM needs repeated
measurements on at least 1 individual to estimate intra-individual

variance, this group was excluded from further analyses.

Additional food frequency information was used in 2 different ways

within the MSM. Frequency information from the FFQ allowed us to
separate occasional nonconsumers from those who were true noncon-

sumers. Participants who indicated zero consumption of a food or food

group on the FFQ were classified as nonconsumers if they additionally

did not report consumption of the food group in either 24-h dietary
recall and were defined as true nonconsumers. For true nonconsumers,

the probability of consumption as well as the food intake on consump-

tion days was set to zero. Those who were not true nonconsumers
but had no consumption in the 24-h dietary recalls were considered for

1the estimation procedure. Their consumption amount was estimated

through simulation taking covariates into account. In this study,

frequency information was also used as covariate within the modeling
parts of the MSM.

The applied MSM comprised 3 steps based on at least 2 repeated

short-term measurements. First, for each individual in the study sample,

the probability of consumption of a food group on a randomly selected
day was calculated. Second, the usual amount of food group intake on

reported consumption days was estimated, and finally, the usual overall

food group intakes were calculated by multiplying probability of
consumption of a food group with usual amount of food group intake

on consumption days.

In the course of this study, occurrence variables were defined for each

24-h dietary recall day in a first step, with a value of 1 indicating
consumption on a 24-h dietary recall day and zero indicating noncon-

sumption. A logistic regression was applied to model the occurrence

variable as a function of a list of covariates (sex, age, sex and age, and

FFQ frequency), which were assumed to be predictive for consumption
of a food group. The probability that a participant consumed a specific

food on one day was estimated together with corresponding model

residuals. These residuals were transformed to real numbers, inter- and
intra-individual variances were estimated, intra-individual variances

were excluded, and subsequently shrunken residuals were back trans-

formed to the original scale.

The second step of the MSM was restricted to the observed food
group intake data in 24-h dietary recalls. On these intake data, a linear

regression model was applied. Similar to the first step, the consumption

was modeled as a function of a consistent set of covariates that were

10 Abbreviations used: EPIC, European Prospective Investigation into Cancer

and Nutrition; MSM, Multiple Source Method; NCI, National Cancer Institute.
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assumed to be predictive for the observed amount of food intake of each

individual and model-based predicted values were obtained. The

corresponding residuals of the linear regression model were transformed
to normality by a 2-parameter Box-Cox transformation family (10). In

case a participant reported no consumption of a food group on any of the

two 24-h dietary recalls but reported consumption according to the FFQ,

usual intake on consumption days was estimated in the transformed
scale taking covariate information into account.

In the transformed scale, we assumed the classical measurement error

model. Using the transformed residuals, we estimated the inter-individual

variance. The resulting quantities were then back transformed to the
original scale and added to the model prediction to obtain the usual food

intake on consumption days.

In the last step, the distribution of usual food intake for the study
population was estimated by multiplication of the results of steps 1 and

2. More in-depth statistical information of the MSM is provided as

Online Supporting Material. To describe the usual food intake distribu-

tions, percentiles (5th–95th) and 4 moments, mean 6 SD, Kurtosis, and
Skewness, were reported.

Additionally, 2 simulation studies were conducted to compare

estimates obtained by different back transformation equations. Detailed

simulation results as well as the applied equations for back transforma-
tion are available as OSM.

The aim of the first simulation study was to estimate usual intake

distribution on consumption days. The accuracy of the estimated usual
intake distribution was highly dependent on the back transformation

equation after a Box-Cox transformation was applied in step 2 of the

MSM. For data back transformation, we applied Eq. 13 of Hoffmann

et al. (10) and Eq. 14 of Dodd et al. (21) (OSM). To compare the
accuracy of Eq. 13 and 14, we assumed that the original data must be

transformed to normality by using a 2-parameter Box-Cox transforma-

tion function with t = 1/2, 1/3, 1/4, 1/5, 1/6, 1/7, 1/8, 1/9, or 1/10 as

power transformation parameter, which correspond to l = 2–10 (data
not shown for t =1/2–

1/9). According to the 2-parameter Box-Cox

transformation, function l has to be a positive integer, otherwise the

advantage of an exact back transformation does not hold. In the

transformed scale, we generated data for 100,000 d for each of the 1000
participants modeling both inter-individual and intra-individual varia-

tion by normal distributions with mean 0 and variance 1. To exclude

intra-individual variation and to receive corrected distribution param-
eters, the individual means in the normal scale were subsequently shifted

to the sample mean and these shrunken values were back transformed to

the original scale by applying either of Eq. 13 or 14. Afterwards, the

distribution was compared with the true usual intake distribution, which
can be generated by applying the inverse Box-Cox function on the daily

data and forming individual means over the 100,000 d.

In a second simulation study, we explored the accuracy of the MSM

to estimate consumption probabilities. For this purpose, we first
generated consumption P for 1,000,000 individuals assuming a uniform

distribution over the interval (0, P*), with P*# 1. Second, we simulated

the event of consumption on each of 2 sampling days based on a
Bernoulli distribution with parameter P. From these 2 observations, we

finally estimated the consumption probability for each participant using

the MSM without covariate information.

All analyses were performed using SAS software (version 9.1, SAS
Institute).

Results

The mean age of the participants was 57 y (Table 1). Food
groups with a proportion of nonconsumers . 70% in the 24-h
dietary recalls were legumes, other fruits, nuts, other alcoholic
beverages, breakfast cereals, and spirits (Table 2). In contrast,
the highest proportions (.50%) of true nonconsumers were
observed for the food group breakfast cereals and spirits.

We estimated the usual food intake distributions with the
MSM for all but 1 food group (Table 3). The usual intake
distribution for the food group “snacks” could not be estimated,
because there was no study participant that consumed food

belonging to this food group on both recall days. Therefore, the
estimation of intra-individual variation was not possible and the
MSM could not be applied. Intakes of the remaining food
groups were described by percentiles and corresponding 4
moments (mean 6 SD, Kurtosis, and Skewness).

All proportions of true nonconsumers as well as empirically
derived mean were correctly reflected in the estimated usual food
intake distributions. For example, after application of theMSM,
the food group “breakfast cereals” (true nonconsumer propor-
tion of 50%) appeared not to be consumed by one-half of the
study population as reflected in the percentiles. Other rarely
consumed food groups like nuts and other fruits with much
lower true nonconsumer proportions showed estimated zero
intakes up to the 25th percentile.

The resulting percentiles and distributional parameters from
the first simulation study to estimate usual intake distributions
on consumption days (with t =1/10) are described in the top of
Supplemental Table 1. Comparing these distributions with the
true usual intake distribution revealed that the NCI back
transformation equation underestimates usual intake, because
it uses only 2 terms, whereas the MSM back transformation is
accurate. By increasing the intra-individual variance from 1 to 5,
the bias of the NCI approximate back transformation equation
was more apparent (Supplemental Table 1). For a variance ratio
of 5, all percentiles were underestimated by more than 25%. The
true population mean and SD of usual intake were under-
estimated by 34 and 24%, respectively.

As long as the inverse of the power parameter was .3, the
approximate back transformation equation generated biased
results. All percentiles and the SD were underestimated by the
approximate equation and the degree of underestimation increased
with decreasing power parameter. In contrast to the NCI equa-
tion, the exact solution, Eq. 13, always reproduced the true usual
intake distribution, for 1/t=l with l a positive integer (l= 2–10).

The results from the second simulation study that aimed to
explore the accuracy of the MSM to estimate consumption
probabilities are given in Supplemental Table 2. The mean and
the SD of the estimated consumptions probabilities can be com-
pared with the true values. Obviously, the difference between
estimated and true parameters was always small and did not
depend on the range of the simulated consumption probabilities.
The estimation methods were unbiased and consistent.

Discussion

This study shows that the MSM could be successfully applied in
estimating usual diet from short-term data accrued in the EPIC-

TABLE 1 Participant characteristics in the EPIC-Potsdam
Calibration Study, 20041

Characteristics

Age, y 57 6 8.9

BMI, kg/m2 26.9 6 4.4

Education, %

No vocational/vocational training 35

Technical school 24

University degree 40

Smoking status, %

Never 43

Former 42

Current 7

1 Values are percent or means 6 SD, n = 393.
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Potsdam Calibration Study. The intake estimates derived by the
MSM corresponded with the observed values such as the
percentage of true nonconsumers and the group mean of the
24-h dietary recalls. For 38 food groups, we obtained usual food
intake distributions described by percentiles and 4 moments
(mean 6 SD, Kurtosis, and Skewness).

To assess the significance of the MSM method, its character-
istics as well as similarities to the NCI method (15) are discussed
in the following.

In terms of the 2-part estimation concept and the inclusion of
covariates in the modeling parts, the MSM uses similar steps as
those proposed by the NCI group (15,22) to derive usual intake
distributions. A precondition for including covariates within the
MSM model to improve the estimation of consumption prob-
ability and intake amount is that covariate information is
available for each participant in the study.

Furthermore, both methods can be applied to nutrients and
foods even if they are consumed occasionally if at least 2
repeated measurements per participant are provided.

The MSM as well as the NCI method (15) account for data
characteristics described by Dodd et al. (21). First, the MSM
accounts for the typical spike at zero due to nonconsumption on
recalled days by multiplying the probability of consuming a food
and the amount consumed on a consumption day. Second, the
MSM addresses challenges by transforming skewed intake data
distributions to normality. Third, methodical challenges such as
distinguishing intra- and inter-individual variances and incor-
porating covariate information are addressed by the MSM.

Consequently, when estimating usual food intake distribu-
tions, both methods should be of similar efficiency with l as a
positive integer. However, our results from the simulation study
(OSM) and a comparison study of Souverein et al. (23) revealed
differences caused by different back transformations. In our
simulation study, the exact back transformation used in the
MSM showed better efficiency compared with the back trans-
formation of the NCI method. Our simulation results suggest
that the NCI method will lead to similar results once the back
transformation is corrected. Therefore, it could be considered to
use the back transformation applied in this study for restricted l
or by simulations as described in (11) and (A. Dekkers, M. Ocke,
W. Slob, unpublished data) with the NCI method to further
improve its results. Accordingly, the NCI method was recently
updated (22). The authors advise the use of a different back
transformation when the intra-individual variation is much
larger than the inter-individual variation and in cases where the
data are strongly skewed.

The MSM as well as the NCI method primarily utilize
information obtained by a repeated short-term instrument. These
can be repeated 24-h dietary recalls but also 24-h protocols or
records with at least 2 dietary assessments per participant. In the
European Food Consumption Validation proposal as well as in
this study, the instrument was a computerized 24-h dietary recall.
To apply the MSM, the requirement for repeated short-term
measurements is their statistical independence. Therefore, ran-
domly selected consumption occasions are needed. It can be
assumed that food intakes of consecutive days are highly
correlated such that high intake on one day is followed by low
intake on the next day (24).

In terms of possible correlations between probability of
consumption and consumption amount, we assumed that the
MSM lead to nearly unbiased estimates if the sampled recall
days were statistically independent of each other, which was
usually the case when the days were randomly selected (no
consecutive days) and when frequency was used as a covariate.
The study design of the EPIC-Potsdam Calibration Study
accounted for this precondition, because both participants and
sampling days were randomly selected. Sampling days were
collected over a complete calendar year, ensuring that the
different days of a week were drawn with similar frequencies
and that the 4 seasons were equally represented. Thus, no
preliminary data adjustment for the day of the week or season
was necessary. In comparison, the NCI method accounts for
correlation by simultaneously estimating the model parameters
and adding an extra model parameter (15,22).

Compared with the NCI method, the MSM is different in
modeling parts (transforming residuals only) and the character
of transformation (restricted 2-parameter Box-Cox transforma-
tion) and back transformation (exact integral solution for
certain t values). The general concept of the NCI is a 2-part
mixed-effects regression model to simulate data for estimating

TABLE 2 Patterns of observed nonconsumption and
consumption in 24-h dietary recalls compared with
FFQ in the EPIC-Potsdam Calibration Study, 20041

Food groups
True

nonconsumer
Nonconsumer in 24-h

dietary recalls

%

Bread 0 0

Milk and dairy products 0 5

Sugar and confectionary 0 7

Fruiting and root vegetables 0 7

Processed meat 0 8

Fresh fruits 0 9

Cheese 0 12

Other vegetables 0 16

Condiments 0 22

Margarines 0 23

Butter and other animal fat 0 25

Sauces 0 25

Potatoes 0 27

Vegetable oils 0 37

Red meat 0 46

Eggs 0 52

Soups 0 52

Pasta, rice 0 61

Leafy vegetables 0 62

Other cereals 0 63

Cabbages 0 65

Poultry 0 74

Legumes 0 91

Water 1 7

Cakes, cookies 1 24

Fruit and vegetable juices 1 30

Soft drinks 1 76

Other fruits 1 86

Fish 2 61

Coffee 3 7

Tea 4 29

Desserts 5 74

Nuts 7 82

Wine 10 63

Other alcoholic beverages 23 89

Beer 26 66

Breakfast cereals 50 89

Spirits 51 92

1 n = 393.
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the usual intake distribution. The amount part of the model is
transformed to normality conditionally on covariates using a
one-parameter Box-Cox transformation with positive real-valued
power parameter. In contrast to the NCI method (15,22), the
MSM transforms only residuals that account for previously
included model covariates. This technical difference is due to the
fact that the intra-individual variance is reflected in the residuals.

The MSM computes usual intake distributions based on
individual estimates in contrast to other existing methods
(9,11,15), which calculate usual intake on the basis of simulated
data. The ability to estimate usual food intake distributions on
the basis of simulated data is limited, because it does not assign
estimates of intake data to individuals nor does it consider the
individual means in the estimation procedure. However, within
the MSM, percentiles and moments of the population are
derived by estimating individual usual intakes. This approach

leads to estimated intake distributions of the population, which
are closely linked to the sample size and to the empirical density
function.

Furthermore, the MSM is specific in terms of handling usual
nonconsumer of a food or a food group in the statistical model.
A true nonconsumer remains a true nonconsumer and is assigned
with a usual intake of zero. In the NCI method (15,22), the model
does not incorporate never-consumers. However, the MSM
calculates usual intake estimates in consideration of covariates
for occasional nonconsumers too. This is in case a participant does
not report consumption of a food within the repeated 24-h dietary
recalls and if an auxiliary instrument (i.e. FFQ) is available. As we
could see in our empirical results, a FFQ or another long-term
measurement of intake greatly improves the estimates, especially
for rarely or occasionally consumed foods. However, the MSM
can still work without such information, because additional FFQ

TABLE 3 Usual food intake distributions estimated using the MSM for 38 food groups in the EPIC-Potsdam Calibration Study, 20041

Food group (% true nonconsumers)

Percentile Moments

5 10 25 50 75 90 95 Estimated mean 6 SD Observed mean Kurtosis Skewness

g/d

Bread (0) 82 91 112 144 184 226 270 154 6 59 154 2.29 1.17

Milk and dairy products (0) 39 55 86 150 242 341 436 183 6 128 183 3.61 1.55

Sugar and confectionary (0) 11 14 23 35 48 68 82 39 6 25 40 5.84 1.86

Fruiting and root vegetables (0) 44 54 71 94 125 154 178 103 6 46 104 3.94 1.49

Processed meat (0) 24 29 37 53 79 97 113 59 6 27 60 20.52 0.58

Fresh fruits (0) 67 102 145 239 350 469 544 264 6 148 265 0.26 0.76

Cheese (0) 10 14 22 35 52 68 80 39 6 22 39 1.24 0.95

Other vegetables (0) 16 19 24 31 40 50 55 33 6 12 35 20.06 0.52

Condiments (0) 1 1 2 4 6 8 10 4 6 4 4 3.82 1.55

Margarines (0) 1 3 5 13 23 36 42 16 6 14 17 1.65 1.20

Butter and other animal fat (0) 1 3 5 10 18 30 38 14 6 13 14 5.43 1.93

Sauces (0) 13 15 21 32 48 65 73 37 6 19 37 0.90 0.90

Potatoes (0) 34 41 53 75 98 128 144 79 6 33 79 0.79 0.81

Vegetable oils (0) 1 2 3 4 6 8 8 5 6 2 5 20.59 0.43

Red meat (0) 8 10 14 36 62 83 99 41 6 29 41 20.47 0.66

Eggs (0) 7 8 10 15 20 26 29 16 6 8 16 3.11 1.39

Soups (0) 10 13 22 36 58 81 95 43 6 28 43 2.28 1.28

Pasta, rice (0) 11 14 22 30 43 60 71 35 6 19 35 6.41 1.70

Leafy vegetables (0) 1 3 5 10 17 28 40 14 6 13 14 20.62 3.30

Other cereals (0) 0 1 2 5 10 16 21 7 6 7 7 4.20 1.83

Cabbages (0) 5 7 11 18 29 41 52 22 6 15 21 3.96 1.64

Poultry (0) 3 5 8 12 16 23 26 13 6 8 13 4.63 1.58

Legumes (0) 0 0 0 1 2 6 31 5 6 14 5 22.77 4.51

Water (1) 136 170 414 767 1121 1582 1868 830 6 537 835 0.59 0.85

Cakes, cookies (1) 22 26 39 57 82 102 120 62 6 32 62 1.33 0.86

Fruit and vegetable juices (1) 19 44 72 128 267 376 523 191 6 181 197 8.58 2.39

Soft drinks (1) 1 3 7 13 55 169 307 74 6 191 76 29.99 5.12

Other fruits (1) 0 0 0 0 1 15 31 5 6 16 5 17.59 4.11

Fish (2) 4 7 11 19 44 61 71 28 6 23 28 1.13 1.20

Coffee (3) 64 125 283 424 565 712 801 430 6 227 434 1.39 0.50

Tea (4) 2 30 99 274 560 824 1157 385 6 381 391 4.82 1.86

Desserts (5) 0 3 6 11 23 47 61 19 6 23 19 14.55 3.07

Nuts (7) 0 0 1 1 2 10 15 3 6 7 3 28.15 4.54

Wine (10) 0 0 8 19 115 199 246 71 6 94 74 4.93 1.98

Other alcoholic beverages (23) 0 0 0 3 6 15 29 7 6 14 7 27.45 4.68

Beer (26) 0 0 0 24 307 640 878 190 6 290 203 2.55 1.76

Breakfast cereals (50) 0 0 0 0 1 12 20 3 6 8 3 13.83 3.49

Spirits (51) 0 0 0 0 1 3 8 2 6 6 2 54.94 6.55

1 n = 393.

918 Haubrock et al.



information is not always available. A major strength of theMSM
is its ability to combine dietary intake data such as 24-h dietary
recalls with supporting data on consumption frequency of other
external sources, which is particularly important for the estima-
tion of rarely consumed food distributions in some instances.

The implementation of the MSM is publicly available
through a Web-based program (25) that can be accessed at the
Web site (26). The Web-based approach, requiring only a
modern Web browser as analysis tool, distinguishes MSM from
other methods that provide either a stand-alone program as PC-
Side (8,27) or a SAS macro for the NCI method (15,22,28). For
analyzing data, researchers are not forced to install software or
to pay any software license fees.

In this study, we did not provide confidence limits for our
percentiles and moments. This option should be considered in
further improving the MSM. The population estimates can,
furthermore, be improved by incorporating reference bio-
markers (29). Nevertheless, the estimated usual food intake
distribution should be carefully interpreted, particularly in the
case of a very low number of participants in the 24-h dietary
recalls who repeatedly consumed from a specific food group.

In summary, the application of the MSM on food intake data
was successful, even for rarely consumed food groups with high
proportions of true nonconsumers. We described the food group
intake of our population with a statistical function. Such data
are rarely available but are desired by nutritionist and food risk
assessors. Our results suggest that future dietary assessment in a
survey should preferably include at least 2 nonconsecutive days
of short-term assessment. To accurately and precisely estimate
usual intake distributions and the proportion of true noncon-
sumers for rarely consumed foods within a population, we
highly recommend repeated short-term measurement informa-
tion with frequency information such as a FFQ. If no additional
consumption frequency information is available, the MSM
therefore provides the unique possibility to include external
information on the proportion of the true nonconsumers in a
population within the estimation process.
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25. Harttig U, Haubrock J, Knüppel S, Boeing H. The MSM program: Web-

based statistics package for estimating usual dietary intake using the

Multiple Source Method. Eur J Clin Nutr. In press 2011.

26. The German Institute of Human Nutrition [cited 2011 Jan 28].

Available from: https://nugo.dife.de/msm.

27. Iowa State University [cited 2011 Jan 28]. Available from: http://cssm.

iastate.edu/software/side.html.

28. National Cancer Institute [cited 2011 Jan 28]. Available from: http://

riskfactor.cancer.gov/diet/usualintakes/macros.html.

29. Freedman LS, Midthune D, Carroll RJ, Krebs-Smith S, Subar AF,

Troiano RP, Dodd K, Schatzkin A, Bingham SA, et al. Adjustments to

improve the estimation of usual dietary intake distributions in the

population. J Nutr. 2004;134:1836–43.

920 Haubrock et al.


